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Abstract

Small language models (SLMs) enable scalable
tool-augmented multi-agent systems where
multiple SLMs handle subtasks orchestrated by
a powerful coordinator. However, they strug-
gle with tool-use tasks, particularly in selecting
appropriate tools and identifying correct param-
eters. A common failure mode is schema mis-
alignment: models hallucinate plausible tool
names that are absent from the provided tool
schema, due to different naming conventions in-
ternalized during pretraining. Rather than train-
ing models to adapt to unfamiliar schemas, we
propose adapting schemas to align with models’
pretrained knowledge. We introduce PA-Tool
(Pretraining-Aligned Tool Schema Generation),
a training-free method that leverages peaked-
ness, a signal used in contamination detection
that indicates pretraining familiarity, to rename
tool components. By generating multiple candi-
dates and selecting the candidate with the high-
est peakedness, PA-Tool identifies pretraining-
aligned naming patterns. Experiments on Meta-
Tool and RoTBench show improvements of up
to 17%, with schema misalignment errors re-
duced by 80%. PA-Tool enables small mod-
els to substantially improve tool-use accuracy
without retraining, showing that schema-level
interventions can unlock the tool-use potential
of resource-efficient models. Our code is avail-
able at https://github.com/holi-lab/P
A-Tool.

1 Introduction

Tool-augmented language models have become
essential components of modern AI systems (Qu
et al., 2025b). As these systems mature, there is
growing interest in deploying small language mod-
els (SLMs, typically ≤ 8B) for tool use. This inter-
est is driven by multi-agent architectures, where a
powerful coordinator orchestrates reasoning while
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Figure 1: Effect of schema alignment on tool invoca-
tion. Top: Models learn tool schemas during pretraining.
Bottom-Left: When schemas misalign, models gener-
ate plausible but non-existent tools. Bottom-Right:
Schema alignment prevents such errors.

multiple SLMs handle subtasks (Belcak et al.,
2025), and by edge deployment scenarios with
strict resource constraints (Chen et al., 2025b). In
these systems, SLMs must perform two critical
operations: tool selection (identifying which API
to call) and parameter identification (providing ap-
propriate arguments). However, SLMs struggle
significantly with these tasks, exhibiting severe per-
formance degradation compared to larger models
(Erdogan et al., 2024; Patil et al., 2025).

A common failure pattern is schema misalign-
ment: even when appropriate tools are provided in
context, models fail to invoke them and instead hal-
lucinate plausible-looking components that are not
in the provided schema1 (Figure 1, Bottom-Left).
This suggests that models fall back on familiar
naming conventions internalized during pretrain-
ing when faced with unfamiliar schemas. There-
fore, we hypothesize that aligning tool component
names with patterns from the model’s internalized
knowledge can reduce this error pattern (Figure 1,

1In this work, a tool schema refers to a hierarchical struc-
ture of tools and parameters with descriptions (Figure 1, Top).
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Bottom-Right).
To operationalize this idea, we propose PA-

Tool (Pretraining-Aligned Tool Schema Genera-
tion), which generates a mapping between original
tool component names and alternatives familiar
to the models. To identify what naming conven-
tions the model is familiar with, we leverage an in-
sight from contamination detection method (Dong
et al., 2024), which detect whether models encoun-
tered specific data during training. A key finding
from this study is that patterns frequently seen dur-
ing training exhibit peakedness: models generate
highly similar outputs across multiple samples, cre-
ating a concentrated distribution. We adopt this
peakedness as a signal for the model’s familiarity
with tool names. PA-Tool renames each component
through three stages: (1) instructing the tool-using
language model to generate multiple candidate
names based on a description of the component
(Chen et al., 2021), (2) computing the peakedness
of each candidate, measured as the number of other
candidates sufficiently similar under character-level
edit distance (Levenshtein, 1965), and (3) selecting
the candidate with the highest peakedness as the
new name, as it is considered to best align with the
model’s internalized knowledge.

Experiments on MetaTool and RoTBench
demonstrate PA-Tool’s effectiveness across diverse
scenarios. On MetaTool, PA-Tool achieves tool
selection gains of up to 17% on Reliability (where
models must identify that no suitable tool exists)
and 9.6% on multi-tool selection scenarios. On
RoTBench, PA-Tool yields tool selection gains of
up to 10% (single-turn) and 6% (multi-turn), show-
ing that alignment benefits persist across extended
contexts, with consistent gains also appearing on
parameter identification.

Our comprehensive analysis reveals that PA-
Tool’s effectiveness stems from directly address-
ing schema misalignment, the predominant failure
mode in SLMs. Errors where models generate
plausible but non-existent tool names decrease by
80.0% with PA-Tool, with accompanying reduc-
tions in other error types (18.8–24.0%). The under-
lying mechanism is further validated by showing
that peakedness consistently increases as models
encounter tool schemas during training, consistent
with its role as a familiarity signal.

PA-Tool also demonstrates broad compatibil-
ity with existing approaches. For supervised fine-
tuning, PA-Tool alone outperforms fine-tuned mod-
els on several subtasks without any training, and

applying PA-Tool on top of fine-tuned models often
yields further improvements. It also provides com-
plementary gains when combined with training-
free methods such as retrieval-based correction,
constrained generation, and description enhance-
ment. Beyond tool selection benchmarks, PA-Tool
improves end-to-end task completion on API-Bank
and τ -Bench, confirming that schema alignment
translates to practical performance gains.

This training-free approach requires only a one-
time schema mapping: rather than forcing models
to conform to arbitrary schemas, we adapt the in-
terface to match their internalized knowledge, en-
abling diverse tool use without model modification,
retraining, or risk of catastrophic forgetting.

Our contributions are summarized as follows:

• We propose PA-Tool, a training-free
schema optimization method that identifies
pretraining-aligned tool names by repurposing
peakedness, a signal from data contamination.

• We demonstrate improvements of up to 17%
across SLMs on MetaTool and RoTBench,
with benefits extending from tool selection
to parameter identification in both single-turn
and multi-turn settings.

• We demonstrate that through a simple, eas-
ily deployable mapping interface, SLMs can
boost their tool-use accuracy while main-
taining computational efficiency in resource-
constrained systems.

2 Related Work

2.1 Emerging Agentic Frameworks
Recent advances in LLMs have enabled sophisti-
cated agentic frameworks that decompose complex
tasks into specialized modules, each coordinated
by dedicated agents (Shinn et al., 2023; Agashe
et al., 2025; Sapkota et al., 2026). In these multi-
agent systems, SLMs are increasingly replacing
larger models within individual modules to reduce
computational costs and latency while maintain-
ing specialized functionalities (Cheng et al., 2024;
Belcak et al., 2025). However, these systems re-
main vulnerable to cascading failures when SLM
agents malfunction in foundational tool interaction
tasks such as tool selection and parameter identi-
fication (Erdogan et al., 2024; Patil et al., 2025).
A particularly challenging failure mode is schema
misalignment: SLM errors often manifest as plau-
sible yet incorrect outputs, such as generating tool
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names that seem reasonable but do not exist in the
actual schema. However, existing works primarily
focus on improving agent architectures or coordina-
tion strategies, without addressing the schema-level
mismatch that causes these failures.

2.2 Improving Tool Utilization in LLMs
As LLMs demonstrate the capability to interact
with external tools (Schick et al., 2023; Hsieh
et al., 2023), research has focused on evaluating
and improving their tool-use capabilities. Evalu-
ation efforts have developed benchmarks ranging
from fine-grained assessments of tool selection and
parameter identification (Huang et al., 2024; Li
et al., 2023; Ye et al., 2024; Chen et al., 2024; Patil
et al., 2025) to end-to-end multi-step evaluation
(Qin et al., 2024; Trivedi et al., 2024; Yao et al.,
2025; Shim et al., 2026; Seo et al., 2026).

Approaches to improving tool-use capabilities
follow two main directions. Training-based meth-
ods employ supervised fine-tuning (Qin et al., 2024;
Liu et al., 2025; Zhang et al., 2025) or reinforce-
ment learning (Shi et al., 2024b; Qian et al., 2025;
Chen et al., 2025a; Feng et al., 2026), but they re-
quire substantial data or computational resources.
Training-free methods refine tool documentation
(Yuan et al., 2025; Qu et al., 2025a) or leverage
interaction histories (Fu et al., 2024; Wang et al.,
2024; Zhao et al., 2024; Cui et al., 2025). However,
existing training-free approaches primarily focus
on improving descriptions or accumulating experi-
ential knowledge through interactions rather than
aligning the schema itself with model-preferred
representations. Our work directly addresses this
gap by generating schemas aligned with models’
pretrained knowledge, targeting the root cause of
schema misalignment.

2.3 Data Contamination Detection
Data contamination, defined as overlap between
pretraining data and evaluation benchmarks, can in-
flate performance through memorization. Early de-
tection methods use n-gram overlap (Brown et al.,
2020), but these approaches fail to detect semantic
paraphrasing. Probability-based approaches such
as Min-k% Prob (Shi et al., 2024a) and perplex-
ity analysis (Li, 2023) require token probabilities
that are unavailable in closed-source models. LLM
Decontaminator (Yang et al., 2023) uses auxiliary
models for semantic similarity but introduces ad-
ditional dependencies. Most relevant to our work,
CDD (Dong et al., 2024) identifies memorized pat-

terns by measuring peakedness in sampled candi-
dates, making it applicable to any black-box model.
We adapt this peakedness mechanism to identify
pretraining-aligned schema patterns, transforming
contamination detection into a constructive tool for
schema optimization.

3 PA-Tool: Pretraining-Aligned Tool
Schema Generation

We now formalize our approach to generating
pretraining-aligned tool schemas. A tool schema
is structured documentation that defines tools and
parameters along with descriptions for each compo-
nent. Our objective is to rename these components
(i.e., tool names and parameter names) with ones
that the model has frequently encountered during
pretraining.

3.1 Framework Overview
Let M denote a pretrained language model. Given
a natural language description d of a schema com-
ponent’s functionality (e.g., a tool or a parameter
description), our objective is to generate an opti-
mal name s∗ that represents the naming pattern
most deeply internalized by M. As illustrated in
Figure 2, our approach operates in three stages:
(1) we provide M with a description of a compo-
nent and instruct it to generate its name multiple
times (Stage 1), (2) we compute peakedness scores
that measure how many similar candidates cluster
around each candidate name (Stage 2), and (3) we
select the candidate with the highest peakedness as
the pretraining-aligned name (Stage 3). By apply-
ing this process to each component in the schema
hierarchy, we construct a dictionary mapping from
original names to pretraining-aligned names. The
complete algorithm is provided in Appendix A.1.

3.2 Stage 1: Candidate Generation
In this stage, we collect diverse candidate names
of a component that the model may have encoun-
tered during pretraining. As illustrated in Fig-
ure 2-1, given a component’s description, we sam-
ple N candidate names C = {s1, s2, . . . , sN}
from the language model with temperature t ∈
(0, 1]. This temperature-controlled sampling ex-
plores the model’s learned distribution beyond the
single greedy path, revealing diverse naming pat-
terns (Chen et al., 2021). The detailed prompt
structure is provided in Appendix L. We generate a
reference name sref using greedy decoding (t = 0)
for tie-breaking in the selection stage.
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Figure 2: Overview of our PA-Tool framework.

3.3 Stage 2: Peakedness Computation
Following contamination detection principles
(Dong et al., 2024), we analyze the local concentra-
tion of the output distribution to identify strongly
memorized patterns. As illustrated in Figure 2-
2, for each candidate name si, we compute its
peakedness score by counting how many similar
candidate names the model generates. The intu-
ition is that candidate names with many similar
variants indicate patterns frequently encountered
during pretraining that the model generates consis-
tently, while isolated candidates suggest less famil-
iar patterns.

To quantify this clustering behavior, we first de-
fine a similarity threshold τ based on the maximum
character length in the candidate set:

τ = α · ℓmax (1)

where ℓmax = maxsi∈C |si| is the maximum char-
acter length across all candidates, and α ∈ [0, 1]
is a hyperparameter that controls the strictness of
similarity. This length-adaptive threshold ensures
that longer names are allowed proportionally more
variation while maintaining consistent similarity
criteria across different name lengths.

The peakedness score for each candidate si is
then computed as:

ϕ(si) =
∑

j ̸=i

I(dedit(si, sj) ≤ τ) (2)

where dedit(·, ·) denotes the character-level edit
distance using the Levenshtein algorithm (Leven-
shtein, 1965), and I(·) is the indicator function
that equals 1 when the condition is satisfied and 0
otherwise. This score counts the number of candi-
dates that fall within the similarity threshold from

si, reflecting how many similar names the model
generates around this pattern.

3.4 Stage 3: Schema Selection
The representative name is selected as the candidate
with the maximum peakedness:

s∗ = argmax
si∈C

ϕ(si) (3)

This criterion identifies the naming pattern that
the model generates most consistently across multi-
ple sampling attempts, suggesting that this pattern
is the most deeply internalized from the training
data. When multiple candidates tie for maximum
peakedness, we select the one with the minimum
edit distance to the reference name:

s∗ = argmin
si∈C∗

dedit(si, sref) (4)

where C∗ = {si ∈ C : ϕ(si) = maxsj∈C ϕ(sj)}
contains all candidates with maximum peakedness.

This approach rests on the hypothesis that fre-
quently occurring patterns in training data create
local maxima in the model’s output distribution. By
identifying regions of high peakedness, we effec-
tively locate these memorized naming conventions,
which represent the most natural and well-formed
component names according to the model’s learned
knowledge. Through iterative application across all
components in a schema (Figure 2-3), we obtain the
final pretraining-aligned schema. An example of a
schema generated through this process is provided
in Appendix A.2. We repeat our three-stage pro-
cess for all tool sets within the system. When name
collisions occur across different tools due to highly
similar descriptions, we resolve them using the
priority-based locking mechanism (Appendix A.3).
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4 Experimental Setup

4.1 Benchmarks

MetaTool. MetaTool (Huang et al., 2024) evaluates
tool selection capabilities across 4,287 test cases
with 199 tools in four subtasks: (1) Similar tests se-
mantic comprehension by distinguishing tools with
overlapping functionalities (e.g., Sudoku vs. Tic-
Tac-Toe); (2) Scenario selects appropriate tools
based on user-specific contexts and requirements
(e.g., software engineers, students); (3) Reliabil-
ity assesses whether models can directly indicate
when no suitable tool is available rather than hal-
lucinating; and (4) Multi-tool measures whether
models can correctly select multiple tools when
tasks require composition of functionalities.
RoTBench. RoTBench (Ye et al., 2024) evalu-
ates two tool-use capabilities across 105 test cases
with 568 tools: (1) Tool Selection assesses whether
models correctly identify the appropriate tool; and
(2) Parameter Identification measures whether
models accurately extract the required parameter
set, conditioned on correct tool selection. We eval-
uate in both single-turn and multi-turn settings,
where the latter provides two preceding interaction
turns (e.g., a failed attempt with incorrect parame-
ters) before evaluating on the third turn. RoTBench
also introduces four levels of noise perturbation to
tool component names (e.g., reversed names) to
stress-test robustness; we focus on the Clean en-
vironment in our main experiments, with results
across all levels reported in Appendix I.

4.2 Models and Baselines

We primarily focus on SLMs, evaluating four
open-source models: Qwen2.5-3B/7B (Qwen
et al., 2025), Llama3.1-8B (Meta AI, 2024a), and
Llama3.2-3B (Meta AI, 2024b). For each model,
we evaluate five configurations: (1) Base uses the
original schema in the benchmarks without modifi-
cations; (2) Greedy uses greedy decoding to gener-
ate deterministic schema names; (3) MostFreq se-
lects the most frequently generated candidate from
our sampling process; (4) Human uses schemas
where two PhD-level annotators with software en-
gineering backgrounds manually renamed tools to
more intuitive names (evaluated only on MetaTool
due to RoTBench’s large tool sets); (5) PA-Tool
applies our peakedness-based method. To contextu-
alize SLM performance and quantify PA-Tool’s im-
provements, we also compare against three state-of-
the-art closed-source models: GPT-4.1-mini (Ope-

nAI, 2025), Gemini-2.5-Flash (Basu Mallick et al.,
2025), and Claude-Sonnet-4.5 (Anthropic, 2025).

4.3 Implementation Details
When generating schemas with PA-Tool, we use
32 candidates at temperature 0.4 with α = 0.2
(sensitivity analysis in Appendix A.4). Each com-
ponent’s description is provided individually (see
Figure 2-1; prompt template in Appendix L).

For benchmark inference, we use temperature
0 to ensure reproducible results across all experi-
ments. We use accuracy as the primary evaluation
metric across both benchmarks, measuring the per-
centage of test cases where the model’s predictions
exactly match the ground-truth labels. Detailed
evaluation protocols are in Appendix B.

5 Main Results

Table 1 presents comprehensive results across
MetaTool and RoTBench benchmarks, demonstrat-
ing PA-Tool’s effectiveness.

MetaTool. PA-Tool substantially improves per-
formance over Base models across most Meta-
Tool subtasks. The most substantial gains ap-
pear in Reliability (up to 17.0%, e.g., Llama3.2-
3B: 43.6→60.6%), where models must recognize
when no suitable tool exists, a task critically depen-
dent on clearly understanding available options.
In Multi-tool, gains reach 9.6% (Llama3.1-8B:
78.7→88.3%). When tasks require identifying mul-
tiple tools simultaneously, schema misalignment
compounds across each selection, making align-
ment particularly critical. Similar and Scenario
tasks show improvements up to 10.7%.

PA-Tool outperforms training-free alternatives
on most tasks. Greedy occasionally underper-
forms Base (Llama3.2-3B Reliability: 39.8% vs.
43.6%) as it generates only a single candidate, lim-
iting schema space exploration. While MostFreq
sometimes achieves competitive results by captur-
ing frequency, PA-Tool shows more consistent im-
provements by measuring distributional concen-
tration. Compared to Human-designed schemas,
PA-Tool achieves comparable or superior perfor-
mance (Llama3.2-3B Similar: 65.7% vs. 58.6%),
demonstrating automated alignment can match hu-
man intuition while being scalable.

RoTBench. RoTBench evaluates models in
single-turn and multi-turn settings across tool selec-
tion and parameter identification. PA-Tool demon-
strates consistent improvements in single-turn tool
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Model Method
MetaTool RoTBench

Tool Selection Single-turn Multi-turn

Similar Scenario Reliability Multi-tool Tool Sel. Param Iden. Tool Sel. Param Iden.

Closed-Source Models

GPT-4.1-mini Base 79.6 84.3 76.3 72.2 79.1 58.1 71.4 61.4
Gemini-2.5-Flash Base 70.0 79.8 89.2 77.3 82.9 56.2 60.0 54.3
Claude-Sonnet-4.5 Base 75.6 83.0 84.3 85.1 83.3 67.6 64.3 58.6

Small Language Models

Qwen2.5-3B

Base 48.7 55.3 83.6 75.1 12.4 7.6 10.0 10.0
Greedy 49.1 57.0 82.9 63.4 13.3 7.6 11.4 7.1
MostFreq 50.5 56.3 84.3 73.0 14.3 8.6 12.9 8.6
Human 54.6 62.9 80.6 72.6 - - - -
PA-Tool 50.0 58.8 86.2 72.6 18.1 10.5 15.7 14.3

Qwen2.5-7B

Base 59.6 74.4 78.3 78.3 49.5 20.0 21.4 21.4
Greedy 60.6 75.4 85.4 82.7 50.5 21.0 18.6 15.7
MostFreq 65.3 75.5 90.0 86.1 50.5 23.8 24.3 20.0
Human 65.8 76.7 78.6 82.1 - - - -
PA-Tool 64.1 78.4 88.2 84.9 55.2 21.9 27.1 22.9

Llama3.2-3B

Base 55.0 58.6 43.6 79.1 56.2 20.0 32.9 27.1
Greedy 57.7 58.9 39.8 70.4 59.1 20.0 32.9 25.7
MostFreq 61.3 64.2 65.7 81.3 60.0 18.1 32.9 27.1
Human 58.6 60.9 55.2 72.6 - - - -
PA-Tool 65.7 67.7 60.6 80.5 62.9 21.9 34.3 28.6

Llama3.1-8B

Base 61.5 73.9 53.5 78.7 58.1 17.1 42.8 34.3
Greedy 64.6 72.9 51.5 78.9 63.8 18.1 44.3 32.9
MostFreq 68.8 79.3 66.4 85.7 66.7 18.1 45.7 34.3
Human 69.3 78.9 63.5 86.5 - - - -
PA-Tool 70.4 79.9 66.0 88.3 68.6 18.1 48.6 35.7

Table 1: Performance comparison on MetaTool and RoTBench. All metrics are reported as accuracy (%). Bold
indicates the best performance within each open-source model and among all closed-source models.

selection across all models, with gains ranging
from 5.7% to 10.5% (Llama3.1-8B: 58.1→68.6%).
In multi-turn settings, improvements of up to 6%
show that alignment benefits persist across ex-
tended contexts. Notably, improvements extend
beyond tool selection to parameter identification,
with gains of up to 4.3% (Qwen2.5-3B multi-turn:
10.0→14.3%), confirming that schema alignment
improves overall tool-use accuracy.

Comparison with Closed-source Models.
While a gap remains against closed-source models
(Claude-Sonnet-4.5: 83.3% tool selection on RoT-
Bench single-turn), PA-Tool enables small models
to achieve competitive or superior performance
on specific subtasks. In MetaTool’s Multi-tool,
Llama3.1-8B with PA-Tool (88.3%) surpasses all
closed-source models including Claude-Sonnet-4.5
(85.1%). In Reliability, Qwen2.5-7B with PA-Tool
(88.2%) approaches Gemini-2.5-Flash (89.2%).
These results suggest that targeted schema
alignment can narrow the gap with larger models
on subtasks where tool naming is a key factor.

Generalization to Diverse Models. Beyond
the SLMs examined here, we apply PA-Tool
to diverse model families and scales, including

SLMs (Ministral-8B, GPT-4.1-nano, Gemini-2.5-
Flash-Lite), LLMs (Llama3.3-70B, GPT-4.1-mini,
Gemini-2.5-Flash), and reasoning models (Qwen3-
1.7B and Qwen3-4B in thinking mode). As shown
in Table 11, PA-Tool improves performance across
most models and settings, with larger gains for
SLMs where schema misalignment is a dominant
failure mode (e.g., Ministral-8B gains 8.5% on
RoTBench single-turn tool selection). For LLMs,
gains are smaller on average but remain substantial
where misalignment compounds, such as multi-
tool composition (e.g., GPT-4.1-mini gains 12.1%
on MetaTool Multi-tool). For reasoning models,
PA-Tool provides gains of up to 10.5% on RoT-
Bench (Qwen3-1.7B single-turn parameter identi-
fication) despite strong baselines from chain-of-
thought, confirming that reasoning and schema
alignment address complementary failure modes
(see Appendix C for details).

6 Analysis

We analyze PA-Tool along three directions. We
first ask why it works, identifying the error modes
it addresses, validating that peakedness reflects pre-
training familiarity, and isolating which schema
components drive the gains (§6.1–6.3). We then
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Figure 3: Error count distribution for Llama3.1-8B on
MetaTool tool selection tasks.

ask how it relates to existing tool-use approaches,
showing that it complements both training-based
fine-tuning and other training-free methods rather
than competing with them (§6.4–6.5). Finally, we
ask how far its benefits extend, testing generaliza-
tion to end-to-end benchmarks, human perception,
and cross-model schema transfer (§6.6–6.8).

6.1 Error Analysis

To understand how PA-Tool addresses different
failure modes, we analyze error distributions in
Llama3.1-8B before and after applying PA-Tool.
We categorize incorrect predictions into three
types: Schema Misalignment Error (generating
non-existent but plausible tools), Functional Con-
fusion Error (selecting wrong tools with similar
functionality), and Context Understanding Error
(selecting functionally unrelated tools). Detailed
definitions and settings are in Appendix E.

Figure 3 shows how PA-Tool affects different
error types. PA-Tool substantially reduces all error
types, with particularly strong impact on Schema
Misalignment (80.0% reduction) and meaningful
improvements on Functional Confusion (24.0%)
and Context Understanding (18.8%). This demon-
strates that schema alignment not only reduces
naming-related failures but also indirectly bene-
fits other aspects of tool selection, suggesting that
misaligned names contribute to other error sources.

6.2 Validating Peakedness

PA-Tool assumes that peakedness reflects models’
familiarity with naming patterns. To validate this,
we simulate pretraining conditions where models
are repeatedly exposed to tool schemas and mea-
sure whether peakedness increases accordingly.

We use the same MetaTool data and settings
from Section 6.4, which contains user queries
paired with tool schemas (names and descriptions).

Figure 4: Peakedness across training epochs.

Model Config. Single-turn Multi-turn

Tool Sel. Param Id. Tool Sel. Param Id.

Llama3.2-3B

Base 56.2 20.0 32.9 27.1
Tool-only 57.1 21.9 35.7 25.7
Param-only 58.1 23.8 31.4 28.6
Both (PA-Tool) 62.9 21.9 34.3 28.6

Llama3.1-8B

Base 58.1 17.1 42.8 34.3
Tool-only 62.9 14.3 47.1 34.3
Param-only 56.2 17.1 45.7 34.3
Both (PA-Tool) 68.6 18.1 48.6 35.7

Table 2: Ablation of tool name and parameter name
alignment on RoTBench.

The key difference from SFT is the loss computa-
tion: we compute loss on all tokens rather than only
on assistant responses, to simulate pretraining-style
exposure. We train four models (Qwen2.5-3B/7B,
Llama3.2-3B, Llama3.1-8B), measuring peaked-
ness at epochs 0, 10, 20, 30, 50, and 100 using
256 candidates per tool component for stable mea-
surements. Figure 4 shows that peakedness con-
sistently increases with training epochs across all
models, with gains up to +25.8% (Llama3.2-3B).
This supports our hypothesis that peakedness in-
creases with training exposure, consistent with its
use in PA-Tool as a familiarity signal.

6.3 Component Ablation

To isolate the contributions of tool name and pa-
rameter name alignment, we conduct an ablation
on RoTBench, which evaluates both capabilities.

Table 2 shows that each alignment component
tends to benefit its target capability: for exam-
ple, tool name alignment improves tool selec-
tion on Llama3.1-8B (single-turn: 58.1→62.9%),
while parameter name alignment improves param-
eter identification on Llama3.2-3B (single-turn:
20.0→23.8%). Combining both yields the most
balanced results across settings: for Llama3.2-
3B, it attains the highest single-turn tool selection
while remaining competitive elsewhere, and for
Llama3.1-8B, the joint configuration achieves the
best performance across all settings. We therefore
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Configuration MetaTool RoTBench

Similar Scenario Reliab. Multi. Tool Sel.
Base 65.2 71.1 55.1 79.8 58.1
+ PA-Tool 72.7 75.9 67.2 89.9 68.6
+ SFT1 71.2 77.6 57.1 82.8 61.0
+ SFT1 + PA-Tool 72.7 80.8 57.1 89.9 65.7
+ SFT2 (2× data) 71.2 80.3 58.1 81.8 59.1
+ SFT2 + PA-Tool 73.2 79.2 55.6 86.9 61.9

Table 3: Results of fine-tuning and PA-Tool on 20%
random sample from MetaTool and full RoTBench.

adopt the joint configuration as the default.

6.4 Integration with Supervised Fine-tuning

While PA-Tool is training-free, we examine how
it compares to and combines with supervised fine-
tuning (SFT) on MetaTool. We compare six con-
figurations using Llama3.1-8B: (1) Base, (2) Base
+ PA-Tool, (3) SFT1 (∼2.5K samples), (4) SFT1 +
PA-Tool, (5) SFT2 (2× data, ∼5K samples), and
(6) SFT2 + PA-Tool. Although SFT is trained on
MetaTool data, PA-Tool is applied independently
to each benchmark’s own tool schemas. Training
details and additional experiments on other models
(i.e., Qwen2.5-3B/7B) are in Appendix D.

Table 3 shows PA-Tool provides gains in most
configurations. Notably, PA-Tool alone outper-
forms both SFT1 and SFT2 on Reliability and
Multi-tool without any training, and combining
both achieves the best results, with SFT1 + PA-
Tool reaching 80.8% on Scenario. That PA-Tool
remains effective even after fine-tuning suggests
that SFT teaches tool-use reasoning but does not
fully resolve the model’s pretrained naming prefer-
ences, leaving room for PA-Tool to provide addi-
tional gains. SFT2 shows marginal gains over SFT1
on MetaTool but degrades on RoTBench relative
to SFT1 (59.1% vs. 61.0%), suggesting that addi-
tional domain-specific training narrows the model’s
generalization to unseen tools. PA-Tool avoids this
risk entirely as it requires no training.

6.5 Integration with Training-Free Methods

Beyond schema renaming, we evaluate PA-Tool’s
synergy with other training-free approaches. We
test three categories of methods: (1) Retrieval-
based correction, which maps misaligned outputs
to valid tools post-hoc using BM25 (Robertson and
Zaragoza, 2009) or ToolLLM (Qin et al., 2024);
(2) Constrained generation, which enforces valid
tool names through JSON schema constraints dur-
ing decoding; and (3) Description enhancement
via EasyTool (Yuan et al., 2025), which rewrites
tool descriptions for clarity without modifying

names. These methods address different aspects of
tool-use and are compatible with PA-Tool’s schema
alignment approach. We evaluate both standalone
and combined configurations (Method + PA-Tool),
with detailed settings presented in Appendix G.

Table 15 shows that retrieval methods yield
limited gains (<3% improvement), as post-hoc
matching often fails to recover the model’s in-
tended tool. Constrained generation substantially
improves RoTBench (Qwen2.5-7B: 78.1% vs. Base
49.5%) by eliminating format errors, but shows
mixed results on MetaTool (Table 16). Combining
PA-Tool with retrieval or constrained generation
improves results on most subtasks (Tables 15, 16),
confirming these approaches are complementary.

For description enhancement (Table 17), PA-
Tool and EasyTool show complementary strengths:
PA-Tool achieves larger gains on tool selection for
Llama models (e.g., Llama3.2-3B Similar: 65.7%
vs. 45.3%), while EasyTool is more effective on
some Qwen configurations. Combining both yields
the best performance on RoTBench for most mod-
els (e.g., Qwen2.5-3B single-turn: 7.6%→19.1%),
as name alignment and description clarity address
orthogonal axis of schema quality.

6.6 Additional Benchmarks
To demonstrate that PA-Tool generalizes across
different evaluation settings, we evaluate on API-
Bank (Li et al., 2023) and τ -Bench (Yao et al.,
2025). API-Bank evaluates tool-use accuracy by
measuring exact matches between predicted and
ground-truth tools and parameters. τ -Bench is an
end-to-end benchmark that assesses agent perfor-
mance through multi-turn dialogues where agents
must complete tasks through interaction with users.
Detailed settings are in Appendix B.

API-Bank. PA-Tool consistently improves per-
formance in most settings (Table 4). Qwen2.5-
3B shows substantial gains on the Call task
(18.0%→28.5%), while improvements persist on
Call+Retrieve, which requires both tool selection
and information retrieval. This confirms that
schema alignment enhances tool-use accuracy.

τ -Bench. To verify that improved tool selection
translates to better task completion, we evaluate
on τ -Bench (Retail). We run each evaluation 5
times to mitigate variance from the user simula-
tor. PA-Tool consistently improves end-to-end task
completion across all models (Table 4). Analyz-
ing Llama3.1-8B’s tool-use trajectories reveals that
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Call Call+Retrieve τ -Bench

Model Base PA-Tool Base PA-Tool Base PA-Tool

Qwen2.5-3B 18.0 28.5 18.5 21.9 3.7 3.8
Qwen2.5-7B 25.7 34.7 23.5 26.9 6.8 9.7
Llama3.2-3B 5.1 5.4 10.9 9.2 4.5 5.6
Llama3.1-8B 28.0 29.8 21.0 22.4 9.7 11.1

Table 4: Performance on API-Bank and end-to-end task
completion (%) on τ -Bench (Retail, N=5).

Rating Preference

Dimension Orig PA ∆ Orig PA

Understand. 2.72 3.41 +.69 10.2 52.3
Func. match 2.78 3.44 +.66 10.4 50.9

Table 5: Human evaluation of PA-Tool names vs. origi-
nal names (3 annotators × 199 tools).

schema misalignment errors decreased from 115
to 98 cases, demonstrating that addressing schema
misalignment contributes substantially to the ob-
served performance gains.

6.7 Human Evaluation of Renamed Schemas

While PA-Tool improves model performance, a nat-
ural concern is whether optimizing schemas for
model familiarity produces names that are unintu-
itive or obscure to human developers. To address
this, we conduct a human evaluation comparing
PA-Tool names with the original names.

Three annotators with software development ex-
perience evaluated all 199 MetaTool tools. Each
annotator was presented with a tool’s functional
description alongside the original name and the PA-
Tool name (generated by Llama3.1-8B) in a blind
setup (labeled “Name A” and “Name B” in random-
ized order). For each pair, annotators (1) rated both
names on a 1–5 scale for ease of understanding
and match to functionality, and (2) indicated which
name they preferred. This yielded 597 responses.

As shown in Table 5, PA-Tool names re-
ceive higher ratings on both dimensions, with
improvements that are statistically significant
(paired t-test, p < 10−35). Over 50% of re-
sponses prefer the PA-Tool name, while only
about 10% prefer the original. Table 6 illus-
trates representative cases. The largest clarity
gains occur when original names are brand-specific
or opaque (e.g., Figlet→ascii_converter,
∆=+3.00), while the few cases where PA-
Tool names are rated lower involve originals
that are already intuitive compound words
(e.g., ProductComparison→compare_options,
∆=−1.67), where renaming sacrifices specificity.

Original PA-Tool ∆ Description

PA-Tool improves clarity
Figlet ascii_converter +3.00 Convert text into ASCII fonts
ad4mat track_traffic +2.67 Monetize traffic via tracking links
universal web_analyzer +2.67 Access web pages, analyze PDFs, etc.

PA-Tool reduces clarity
ProductComparison compare_options −1.67 Compare product options
StrologyTool astro_services −1.00 Provide astrology services
ShoppingAssistant cart_qr_generator −1.00 Manage cart and display QR codes

Table 6: Representative examples of clarity changes.

These results indicate that PA-Tool’s alignment
with pretrained knowledge also yields names that
are more readable and functionally descriptive for
human developers. PA-Tool can therefore be de-
ployed without sacrificing human interpretability.

6.8 Cross-Model Schema Transfer
In multi-agent systems where multiple SLMs han-
dle different subtasks, generating a separate schema
for each model could become burdensome. We test
whether schemas aligned to one model can also ben-
efit a different model (full results in Appendix H).
Cross-model schemas generally improve over un-
aligned baselines, even across model families (e.g.,
Llama3.1-8B with Qwen2.5-7B schemas gains
+8.1% on Similar; see Table 18), suggesting par-
tially overlapping naming conventions from sim-
ilar training corpora. Self-generated schemas are
optimal in most settings, but the gap is small on
most tasks, and larger models’ schemas can benefit
smaller models within the same family. Given the
negligible one-time cost per model (Appendix F),
model-specific generation remains the preferred op-
tion, though cross-model transfer provides a practi-
cal fallback when this is not possible.

7 Conclusion

We introduced PA-Tool, a training-free method that
aligns tool schemas with models’ pretrained knowl-
edge by leveraging peakedness as a pretraining
familiarity signal. Experiments demonstrate im-
provements of up to 17% with schema misalign-
ment errors reduced by 80%, validating schema
adaptation as an effective strategy for enhancing
tool use in small language models. PA-Tool’s prac-
tical advantages make it particularly valuable for
resource-constrained deployments—as a simple
schema-level intervention, it can be applied with-
out model training or fine-tuning, requiring only
straightforward name mapping. By bridging pre-
trained knowledge and real-world tool interfaces,
PA-Tool unlocks small models’ potential for tool-
augmented applications while preserving computa-
tional efficiency.
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Limitations

PA-Tool primarily targets SLMs, where schema
misalignment is a dominant failure mode, and con-
sistently improves performance in this regime. As
model capacity increases, schema misalignment
becomes less severe due to stronger reasoning abil-
ities, and gains naturally diminish. This reflects
the reduced prevalence of the target problem rather
than a limitation of the approach itself; even at
larger scales, PA-Tool provides meaningful im-
provements in settings where misalignment com-
pounds, such as multi-tool composition tasks (e.g.,
GPT-4.1-mini gains 12% on MetaTool Multi-tool).

Our reliance on peakedness as an alignment
signal assumes this metric reliably indicates pre-
training familiarity. While validated across our
experiments, this relationship may vary for models
with substantially different training distributions.
Additionally, our evaluation focuses on English-
language schemas; the effectiveness of character-
level metrics may differ for non-Latin scripts or
morphologically complex languages.

PA-Tool operates on tool and parameter names,
leaving descriptions unchanged. Extending the
peakedness mechanism to descriptions risks se-
mantic drift, where the generated description may
diverge from the tool’s actual functionality. Sep-
arately, PA-Tool is compatible with description
enhancement approaches that operate on an or-
thogonal axis. As demonstrated in our EasyTool
and EasyTool with PA-Tool experiments (§6.5),
combining PA-Tool with description enhancement
yields complementary gains, suggesting that inte-
gration with interaction-driven description refine-
ment methods (Qu et al., 2025a; Wang et al., 2024;
Fang et al., 2025) is a promising direction that we
leave to future work.
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A PA-Tool

A.1 Detailed Algorithm for PA-Tool

Algorithm 1 Pseudocode for PA-Tool
Require: Language model M, Component description d,

samples N , temperature t, hyperparameter α
Ensure: Representative name s∗

1: // Stage 1: Candidate Generation
2: sref ← Generate name fromM with temperature 0
3: C ← {}
4: for i = 1 to N do
5: si ← Generate name fromM with temperature t
6: Add si to C
7: end for
8: // Stage 2: Peakedness Computation
9: ℓmax ← maximum character length of name in C

10: τ ← α · ℓmax ▷ Eq. (1)
11: for each si in C do
12: ϕ(si)← count of sj ∈ C with j ̸= i and edit distance

to si ≤ τ ▷ Eq. (2)
13: end for
14: // Stage 3: Schema Selection
15: C∗ ← names in C with maximum peakedness ▷ Eq. (3)
16: if |C∗| == 1 then
17: s∗ ← the unique name in C∗
18: else
19: s∗ ← name in C∗ closest to sref ▷ Eq. (4)
20: end if
21: return s∗

A.2 Example of Schema Generation Process

We provide a concrete example of how PA-Tool
generates pretraining-aligned schemas. Given the
original tool name DietTool with description "A
tool that simplifies calorie counting, tracks diet,
and provides insights from many restaurants and
grocery stores...", PA-Tool generates 32 candidate
names by sampling at temperature 0.4.

The top candidates by frequency are:

• diet_tracker: 5 occurrences

• diet_insights: 4 occurrences

• calorie_tracker: 3 occurrences

• nutri_guide: 3 occurrences

• eatwise: 3 occurrences

• Others: nutrify, nutri_navigator,
diet_planner, etc. (1-2 occurrences each)

Importantly, PA-Tool does not simply select
the most frequent candidate. Instead, it com-
putes peakedness by measuring how many sim-
ilar candidates cluster around each option us-
ing edit distance. In this case, PA-Tool selects
diet_insights (peakedness=4) rather than the
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most frequent diet_tracker (5 occurrences), as
the former has a tighter cluster of similar variants
indicating stronger distributional concentration.

It is also worth noting that greedy decoding (tem-
perature 0) produces nutri_guide, which differs
from both the most frequent candidate and PA-
Tool’s selection. This illustrates three distinct out-
comes: (1) PA-Tool’s peakedness-based selection
(diet_insights), (2) the most frequent candidate
(diet_tracker), and (3) greedy decoding’s output
(nutri_guide). These differences highlight that
PA-Tool’s selection mechanism considers distribu-
tional concentration rather than simple frequency
or single-sample generation.

A.3 Name Collision Resolution
When tools have highly similar descriptions, PA-
Tool may generate identical names for different
components. We resolve this through iterative
priority-based locking: in each round, the com-
ponent with the highest peakedness for a contested
name acquires it, while others cascade to their next
candidate. This process repeats until all compo-
nents have unique names.

Model MetaTool RoTBench

Qwen2.5-3B 2 (1.0%) 13 (4.2%)
Qwen2.5-7B 0 (0.0%) 15 (4.8%)
Llama3.2-3B 1 (0.5%) 18 (5.8%)
Llama3.1-8B 1 (0.5%) 17 (5.5%)

Table 7: Name collision statistics across benchmarks.

Table 7 shows collision frequencies across
benchmarks. Collisions remain rare across all
models (less than 6%), with MetaTool showing
particularly low rates (0-1.0%) and RoTBench
showing slightly higher but still modest rates (4.2-
5.8%). RoTBench’s higher collision rate stems
from greater lexical overlap among tool descrip-
tions (average Jaccard similarity of 0.025 vs. 0.011
for MetaTool).

A.4 Effect of Hyperparameters
We investigate the effect of PA-Tool’s three key
hyperparameters on performance: the number of
candidates (N ), the similarity threshold (α), and
the sampling temperature (t). All experiments are
conducted on the MetaTool benchmark.

Number of Candidates (N ). Table 8 shows that
smaller models (3B) achieve stable performance
with 16–32 candidates, while larger models (7–
8B) require 32–64 candidates before performance
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Figure 5: Effect of hyperparameters on PA-Tool across
different models. All results are averaged across four
MetaTool subtasks. Top: Effect of the number of candi-
dates (N ). Middle: Effect of similarity threshold (α).
Bottom: Effect of sampling temperature (t).

Model N MetaTool

Similar Scenario Reliab. Multi.

Qwen2.5-3B

16 50.5 59.1 85.7 66.4
32 50.0 58.8 86.2 72.6
64 50.9 59.1 86.1 69.6
128 50.5 58.6 86.0 70.6
256 50.2 59.1 83.2 72.4

Qwen2.5-7B

16 63.2 74.9 86.8 84.3
32 64.1 78.4 88.2 84.9
64 62.9 77.7 88.2 87.7
128 62.3 77.4 85.4 84.1
256 63.0 78.4 81.0 87.1

Llama3.2-3B

16 64.2 65.9 60.4 80.9
32 65.7 67.7 60.6 80.5
64 64.3 65.2 57.5 79.5
128 63.7 65.2 52.5 79.3
256 64.8 65.5 54.2 80.7

Llama3.1-8B

16 68.9 79.5 66.9 88.9
32 70.4 79.9 66.0 88.3
64 68.7 77.8 64.5 87.5
128 67.9 79.4 65.1 88.9
256 67.6 79.8 63.9 88.3

Table 8: Effect of Number of Candidates.

20708



Model α
MetaTool

Similar Scenario Reliab. Multi.

Qwen2.5-3B
0.1 50.5 58.3 84.1 72.0
0.2 50.0 58.8 86.2 72.6
0.3 51.0 58.6 78.9 60.2

Qwen2.5-7B
0.1 62.7 76.4 84.8 84.9
0.2 64.1 78.4 88.2 84.9
0.3 63.2 75.8 84.7 82.3

Llama3.2-3B
0.1 62.8 66.3 54.8 68.2
0.2 65.7 67.7 60.6 80.5
0.3 65.0 65.5 59.0 79.9

Llama3.1-8B
0.1 68.3 76.9 65.0 88.1
0.2 70.4 79.9 66.0 88.3
0.3 68.1 78.7 64.4 88.7

Table 9: Effect of Similarity Threshold.

Model Temp. MetaTool

Similar Scenario Reliab. Multi.

Qwen2.5-3B

0.2 50.2 58.5 85.0 71.0
0.4 50.0 58.8 86.2 72.6
0.6 51.5 58.9 85.5 70.2
0.8 50.5 59.7 83.9 72.0
1.0 51.7 60.2 85.1 67.2

Qwen2.5-7B

0.2 62.2 75.3 88.8 86.9
0.4 64.1 78.4 88.2 84.9
0.6 62.3 75.8 88.6 86.9
0.8 61.4 77.7 87.5 86.1
1.0 63.1 77.4 90.2 86.7

Llama3.2-3B

0.2 64.1 68.3 55.6 74.2
0.4 65.7 67.7 60.6 80.5
0.6 61.3 66.4 64.6 79.9
0.8 63.5 68.7 54.1 80.3
1.0 64.0 66.3 61.5 77.9

Llama3.1-8B

0.2 69.5 79.5 63.5 88.5
0.4 70.4 79.9 66.0 88.3
0.6 68.4 79.8 62.3 80.9
0.8 67.8 79.4 65.2 88.7
1.0 69.5 76.9 65.6 88.5

Table 10: Effect of Sampling Temperature.

plateaus. Beyond these ranges, additional candi-
dates provide minimal gains.

Similarity Threshold (α). Table 9 shows that
performance peaks at α = 0.2 consistently across
all models. At α = 0.1, performance drops by
2–3%, while α = 0.3 shows similar degradation.

Sampling Temperature (t). Table 10 shows that
performance remains stable across temperatures
t ∈ [0.2, 1.0], varying within 1–2%. Moderate
temperatures (t = 0.4–0.6) show slightly better
results, though the differences are marginal.

B Evaluation Protocol

B.1 MetaTool

In MetaTool evaluation, the agent receives (1) a
user query, (2) a list of candidate tools with their
names and descriptions, and (3) few-shot examples.
The agent must select the appropriate tool name(s)
from the provided list. For Similar, Scenario, and
Multi-tool subtasks, the agent selects one or more
ground-truth tools; for Reliability, the agent must
output “None” when no suitable tool exists. Mod-
els must reason about and distinguish between all
available tools in the candidate list, regardless of
their names. The prompt is shown in Figure 8.

Scoring Methodology. We revised the original
MetaTool scoring methodology, which relied heav-
ily on manual analysis and did not adequately han-
dle ambiguous cases where models produced par-
tially correct outputs. For single-tool tasks (Simi-
lar and Scenario), when exactly one tool match is
found, we verify that it corresponds to the ground-
truth label. If the keyword “None” also appears,
the response is marked correct only when the
matched tool appears before “None”, as the Meta-
Tool prompt requires the selected tool to be stated
first. For cases with two or more matches, we
replaced manual analysis with automated evalua-
tion using GPT-4.1-mini, which assesses whether
the model’s output selected only the ground-truth
tools. For Reliability tasks, we added logic to verify
correct “None” predictions: a response is marked
correct if no matches are found and “None” is
present, or if matches exist but “None” appears be-
fore them. This distinguishes appropriate rejections
from cases where models incorrectly included tool
names alongside “None”. For multi-tool tasks, re-
sponses with exactly one match are now explicitly
marked incorrect, as these tasks require selecting
multiple tools. Cases with more than two matches
are evaluated using GPT-4.1-mini. These refine-
ments enable consistent and scalable automated
scoring across all instances, which was difficult to
achieve with the original manual methodology.

B.2 RoTBench

In RoTBench evaluation, the agent receives (1) a
system message describing the task format, (2) a
list of available tools with complete schemas in-
cluding names, descriptions, and parameter spec-
ifications, and (3) a user query. The agent must
provide both tool selection and parameter identifi-
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cation in a structured format. The prompt is shown
in Figure 7.

Evaluation Metrics. Tool Selection accuracy is
measured by whether the model selects the correct
tool name from the available list. Parameter Identi-
fication accuracy is computed conditionally: only
cases where the model correctly selected the tool
are evaluated for whether the model also identi-
fied the correct set of required parameters. This
two-stage evaluation isolates the impact of schema
alignment on each capability, while preserving the
multi-candidate selection challenge where models
must reason across multiple tool options.

B.3 API-Bank

API-Bank (Li et al., 2023) is a comprehensive
benchmark for evaluating tool-augmented language
models across realistic API usage scenarios. The
benchmark implements 73 runnable APIs spanning
diverse domains and evaluates models on 314 man-
ually annotated dialogues containing 753 API calls.

API-Bank assesses two fundamental capabili-
ties: (1) Call, where models must correctly invoke
APIs with appropriate parameters when APIs are
provided in the context, and (2) Retrieval+Call,
where models must first retrieve relevant APIs from
a large pool using an API Search function, then call
the selected APIs. Both tasks require exact match-
ing of tool names and parameters with ground-truth
annotations for correctness. We evaluate on both ca-
pabilities to assess whether PA-Tool improves tool
selection when schemas are either explicitly pro-
vided (Call) or must be retrieved (Retrieval+Call).
The prompt is shown in Figure 9.

B.4 τ -Bench

τ -Bench (Yao et al., 2025) evaluates agents on re-
alistic, multi-turn task-oriented dialogues where
they must interact with simulated users while fol-
lowing domain-specific policies. Unlike traditional
benchmarks that provide all information upfront,
τ -Bench requires agents to incrementally gather
information through conversation, consult policy
guidelines, and execute appropriate API calls to
reach a target database state.

We evaluate on the Retail domain, which
contains realistic customer service scenarios.
Success requires: (1) correctly invoking APIs
with write capabilities (e.g., cancel_order,
update_shipping) to modify the database state,
(2) adhering to domain-specific policies, and (3)

managing multi-turn interactions to gather neces-
sary information from users. The benchmark mea-
sures end-to-end task completion by comparing the
final database state with the ground-truth state, di-
rectly assessing whether improved tool selection
translates to successful task completion. We fix
the user simulator to Llama3.1-8B-Instruct and use
temperature 0 for deterministic evaluation, report-
ing the mean pass rate over 5 independent runs
(N=5) to account for stochasticity in user simula-
tion. The prompt is shown in Figure 10.

B.5 PA-Tool Integration

Within these evaluation protocols, PA-Tool oper-
ates by replacing original tool names and parameter
names in the provided schemas with pretraining-
aligned alternatives. Critically, all other compo-
nents remain identical: tool descriptions, param-
eter descriptions, example demonstrations, and
task instructions are unchanged. This ensures that
PA-Tool’s improvements stem solely from schema
alignment, not from modifications to semantic in-
formation or task structure. For instance, if the
original schema contains get_weather_info but
PA-Tool determines that get_weather_forecast
better aligns with the model’s pretrained knowl-
edge, only the tool name in the tool schema is
replaced. The tool’s description, available parame-
ters, and all contextual information remain identical
across Base and PA-Tool conditions, ensuring fair
and comparable evaluation.

C Generalization to Diverse Models
Details

To assess whether PA-Tool generalizes across dif-
ferent model families and scales, we conduct ad-
ditional experiments on MetaTool and RoTBench
using eight models beyond the Qwen2.5 and Llama
families examined in our main results, bringing
the total to 12 models across 5 families. We
group these models into three categories. (1)
SLMs: Ministral-8B, GPT-4.1-nano, and Gemini-
2.5-Flash-Lite; (2) LLMs: Llama3.3-70B, GPT-
4.1-mini, and Gemini-2.5-Flash, to test whether
PA-Tool remains effective at larger scales; and (3)
reasoning models: Qwen3-1.7B and Qwen3-4B
in thinking mode, to examine whether inference-
time chain-of-thought reasoning can independently
resolve schema misalignment.

Results on SLMs. Consistent with our main find-
ings, PA-Tool improves performance over the Base
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Model Method
MetaTool RoTBench

Tool Selection Single-turn Multi-turn

Similar Scenario Reliability Multi-tool Tool Sel. Param Iden. Tool Sel. Param Iden.

Small Language Models

Ministral-8B
Base 65.3 81.2 42.5 93.1 66.7 28.6 51.4 38.6
PA-Tool 70.5 82.6 44.7 92.4 75.2 31.4 51.4 41.4

GPT-4.1-nano
Base 56.8 53.1 99.0 81.5 71.4 34.3 51.4 44.3
PA-Tool 60.6 54.0 99.5 77.1 72.4 44.8 47.1 42.9

Gemini-2.5-Flash-Lite
Base 79.3 86.5 65.9 77.7 72.4 63.8 65.7 58.6
PA-Tool 80.8 87.1 70.5 72.0 73.3 65.7 64.3 58.6

Large Language Models

Llama3.3-70B
Base 80.4 85.2 63.7 82.9 75.2 27.6 60.0 47.1
PA-Tool 79.9 85.2 66.2 81.3 74.3 26.7 64.3 48.6

GPT-4.1-mini
Base 79.6 84.3 76.3 72.2 79.1 58.1 71.4 61.4
PA-Tool 80.5 84.5 80.0 84.3 82.9 59.1 70.0 61.4

Gemini-2.5-Flash
Base 70.0 79.8 89.2 77.3 82.9 56.2 60.0 54.3
PA-Tool 72.6 82.7 92.4 78.5 84.8 62.9 72.9 64.3

Reasoning Models (thinking mode)

Qwen3-1.7B
Base 66.2 73.2 93.2 76.1 58.1 32.4 38.6 38.6
PA-Tool 68.7 69.8 96.6 73.2 62.9 42.9 45.7 38.6

Qwen3-4B
Base 72.0 81.9 84.2 88.1 65.7 30.5 57.1 52.9
PA-Tool 73.5 81.2 91.2 86.5 69.5 27.6 65.7 61.4

Table 11: Performance comparison on MetaTool and RoTBench with additional models, grouped by model type.
Bold indicates the better result between Base and PA-Tool per row group.

in most settings. Gains are most pronounced for
Ministral-8B, with a +8.5% improvement on RoT-
Bench single-turn tool selection (66.7%→75.2%)
and +5.2% on MetaTool Similar (65.3%→70.5%).
For GPT-4.1-nano and Gemini-2.5-Flash-Lite, im-
provements are more task-dependent, with notable
gains on MetaTool Reliability (+4.6% for Gemini)
and RoTBench parameter identification (+10.5%
for GPT-4.1-nano), though gains on other subtasks
are smaller or absent.

Results on LLMs. PA-Tool also improves larger
models, though average gains are smaller than
for SLMs, consistent with reduced prevalence of
schema misalignment at larger scales. Gains re-
main substantial where misalignment compounds,
such as multi-tool composition, where GPT-4.1-
mini improves by +12.1% on MetaTool Multi-
tool (72.2%→84.3%). Llama3.3-70B shows the
most modest improvements, suggesting that some
larger open-source models may already handle mis-
aligned schemas reasonably well.

Results on Reasoning Models. Despite strong
baselines from chain-of-thought reasoning (e.g.,
Qwen3-1.7B Reliability: 93.2%), PA-Tool yields
gains of up to +10.5% on RoTBench single-turn
parameter identification and +7.1% on multi-turn

tool selection for Qwen3-1.7B. Slight decreases
on near-saturated subtasks (e.g., Qwen3-4B Multi-
tool: 88.1%→86.5%) mirror patterns observed for
larger non-reasoning models, where baselines are
already strong. These results confirm that reason-
ing and schema alignment address complementary
failure modes rather than competing solutions.

Together, these results demonstrate that PA-Tool
generalizes across diverse model families, architec-
tures, and scales.

D Integration with Supervised
Fine-tuning Details

Setup. As MetaTool does not include a prede-
fined training split, we construct train/validation
/test sets by randomly sampling 60%/20%/20% of
all task instances. Since the dataset provides only
ground-truth labels without reasoning traces, we
use GPT-4.1-mini to generate reasoning trajectories
for each training instance (prompt in Figure 12),
which we use to train the SFT1 baseline. SFT2
doubles this training data to test whether PA-Tool
remains effective under larger training sets. We
fine-tune Llama3.1-8B with the hyperparameters
in Table 13, and additionally fine-tune Qwen2.5-3B
and Qwen2.5-7B under the SFT1 configuration to
verify generalization across model families.
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Model Config Similar Scenario Reliab. Multi.

Qwen2.5-3B

Base 50.3 61.2 84.9 63.6
PA-Tool 50.8 64.4 83.9 68.7
SFT 50.8 62.3 85.4 64.6
SFT + PA-Tool 51.8 59.8 89.5 77.8

Qwen2.5-7B

Base 61.8 80.3 80.9 79.8
PA-Tool 60.8 78.6 84.9 85.9
SFT 60.8 80.2 81.9 82.8
SFT + PA-Tool 61.8 78.6 86.9 86.9

Table 12: SFT comparison on Qwen2.5 models.

Results. Table 12 presents the performance on
Qwen2.5 models. The results confirm the key find-
ings from Llama3.1-8B (Table 3): SFT strength-
ens tool-use reasoning through training data,
while PA-Tool resolves naming-level misalignment
that persists even after fine-tuning. SFT + PA-
Tool achieves the best results on most subtasks
(e.g., Qwen2.5-3B Reliability: 89.5%, Multi-tool:
77.8%), generalizing the complementary gains ob-
served on Llama3.1-8B to the Qwen2.5 family.

Hyperparameter Value

LoRA Rank 32
LoRA Alpha 64
LoRA Dropout 0.05
Learning Rate 5e-5
Batch Size 16
Epochs 5
GPU NVIDIA A100 80GB PCIe

Table 13: Training hyperparameters for SFT.

E Error Analysis Details

Error Taxonomy. We categorize tool selection
errors into three types based on their underlying
failure modes:

(1) Schema Misalignment Error: the model
generates a plausible but non-existent tool name,
following its pretrained naming conventions rather
than the provided schema.

(2) Functional Confusion Error: the model
selects an existing tool whose functionality is sim-
ilar to the correct one, indicating it understands
the query but confuses related tools. For instance,
when asked to send an email notification, the model
might select send_sms instead of send_email.

(3) Context Understanding Error: the model
selects a functionally unrelated tool, indicating a
failure to comprehend the query’s intent. For exam-
ple, when asked to delete a user account, the model
might select create_user or list_products.

Experimental Setup. We use GPT-4.1-mini
(OpenAI, 2025) as an error analyzer to classify er-

rors from Llama3.1-8B in both Base and PA-Tool
configurations. We analyze MetaTool’s three tool
selection subtasks—Similar, Scenario, and Multi-
tool—excluding Reliability as it specifically tests
the “no suitable tool” scenario rather than tool se-
lection errors. The prompt is provided in Figure 11.

F Computational Time

Model MetaTool RoTBench

Qwen2.5-3B 8.0 sec 13.9 sec
Qwen2.5-7B 11.2 sec 15.0 sec
Llama3.2-3B 8.2 sec 12.4 sec
Llama3.1-8B 11.6 sec 15.9 sec

Table 14: Schema generation time for PA-Tool.

Table 14 shows the wall-clock time required for
one-time schema generation on both MetaTool (199
tools) and RoTBench (568 tools). Schema gener-
ation is a one-time preprocessing cost, requiring
8–16 seconds depending on model size and number
of tools. Once generated, the pretraining-aligned
schema can be reused indefinitely without addi-
tional overhead during inference. All experiments
were conducted on Intel Xeon Gold 6230 CPU @
2.10GHz (38 cores), NVIDIA A100 80GB PCIe,
450GB RAM, with Python 3.11.14, vLLM 0.10.2,
and CUDA 12.8.

G Integration with Training-free
Methods Details

G.1 Retrieval-based Correction

Retrieval-based methods recover from schema mis-
alignment by mapping invalid model outputs to
valid tool names post-hoc. When a model pre-
diction is not found in the candidate list (case-
insensitive check), we retrieve the nearest valid
tool; predictions already within the candidate list
are left unchanged, even if semantically incorrect.
This distinction is important: retrieval can only
recover schema-violating outputs, not wrong selec-
tions among valid tools.

BM25. We retrieve the most similar valid tool us-
ing BM25 scoring (Robertson and Zaragoza, 2009)
based on lexical overlap.

ToolLLM Embedding. We employ ToolLLM’s
tool-specialized embedding model (Qin et al.,
2024) and retrieve the nearest valid tool in em-
bedding space.
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Model Method
MetaTool RoTBench

Tool Selection Single-turn Multi-turn

Similar Scenario Reliability Multi-tool Tool Sel. Param Iden. Tool Sel. Param Iden.

Qwen2.5-3B

Base 48.7 55.3 83.6 75.1 12.4 7.6 10.0 10.0
BM25 48.7 55.3 83.6 75.1 14.3 8.6 12.9 11.4
ToolLLM 48.7 55.3 83.7 75.1 4.8 1.9 12.9 11.4
PA-Tool 50.0 58.8 86.2 72.6 18.1 10.5 15.7 14.3
PA-Tool + BM25 50.3 60.2 86.2 72.8 21.9 13.3 20.0 17.1
PA-Tool + ToolLLM 50.3 60.3 86.2 73.4 20.9 13.3 21.4 20.0

Qwen2.5-7B

Base 59.6 74.4 78.3 78.3 49.5 20.0 21.4 21.4
BM25 59.8 74.6 78.3 78.3 49.5 20.9 21.4 21.4
ToolLLM 59.8 74.6 78.3 78.3 49.5 20.9 21.4 21.4
PA-Tool 64.1 78.4 88.2 84.9 55.2 21.9 27.1 22.9
PA-Tool + BM25 64.1 78.5 88.2 84.9 56.2 21.9 27.1 22.9
PA-Tool + ToolLLM 64.1 78.5 88.2 85.5 55.2 21.9 27.1 22.9

Llama3.2-3B

Base 55.0 58.6 43.6 79.1 56.2 20.0 32.9 27.1
BM25 55.7 58.7 43.6 79.1 56.2 20.9 32.9 27.1
ToolLLM 55.4 58.8 43.6 79.1 56.2 22.9 32.9 27.1
PA-Tool 65.7 67.7 60.6 80.5 62.9 21.9 34.3 28.6
PA-Tool + BM25 65.7 67.7 60.6 80.5 63.8 21.9 34.3 28.6
PA-Tool + ToolLLM 65.7 67.7 60.6 80.5 62.9 21.9 34.3 28.6

Llama3.1-8B

Base 61.5 73.9 53.5 78.7 58.1 17.1 42.8 34.3
BM25 61.8 74.0 53.5 78.7 58.1 17.1 42.8 34.3
ToolLLM 61.6 74.0 53.5 78.7 58.1 17.1 42.8 34.3
PA-Tool 70.4 79.9 66.0 88.3 68.6 18.1 48.6 35.7
PA-Tool + BM25 70.4 79.9 66.0 88.3 68.6 18.1 48.6 37.1
PA-Tool + ToolLLM 70.4 79.9 66.0 88.3 68.6 18.1 48.6 37.1

Table 15: Performance of retrieval-based post-hoc correction methods (BM25, ToolLLM) on MetaTool and
RoTBench.

Results. As shown in Table 15, retrieval-based
correction yields limited improvements on its
own. On MetaTool, BM25 and ToolLLM produce
marginal or no gains in most subtasks, with ac-
curacy improvements rarely exceeding 1%. On
RoTBench, gains are slightly larger but remain in-
consistent across models and settings. When com-
bined with PA-Tool, however, retrieval methods
yield further improvements on top of PA-Tool’s
gains, indicating that schema alignment and post-
hoc retrieval address different aspects of tool-use
and can be combined for additional benefit.

G.2 Constrained Generation

Constrained generation methods enforce valid
outputs during the decoding process, preventing
schema-violating generations.

JSON Schema Constraints. We implement con-
strained decoding using JSON Schema with enum
restrictions, which masks logits corresponding to
tokens that would lead to invalid tool names dur-
ing generation. For MetaTool, the schema restricts
outputs to {"selected_tool": <enum>}, while
for RoTBench it enforces {"action": <enum>,
"action_input": <object>}, where the enum

contains all valid tool names plus special tokens
(e.g., None, finish).

Results. As shown in Table 16, constrained gen-
eration substantially improves RoTBench perfor-
mance by eliminating format errors (e.g., Qwen2.5-
7B single-turn tool selection: 49.5%→78.1%).
On MetaTool, however, results are more mixed:
constrained generation sometimes underperforms
PA-Tool alone, and can even fall below Base on
Reliability (e.g., Qwen2.5-3B: 83.6%→60.9%),
likely because enum restrictions bias the model
toward emitting a tool even when none is appro-
priate. Combining constrained generation with
PA-Tool (Constrained-PA) mitigates this: the ap-
proach retains format guarantees while leverag-
ing PA-Tool’s schema alignment, yielding the best
parameter identification results on most models
(e.g., Qwen2.5-3B single-turn: 16.2%→26.7%).
This suggests that PA-Tool’s aligned representa-
tions help the model select correctly even when the
output space is explicitly constrained.

G.3 Description Enhancement

Description enhancement methods improve tool un-
derstanding by rewriting documentation for clarity,
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Model Method
MetaTool RoTBench

Tool Selection Single-turn Multi-turn

Similar Scenario Reliability Multi-tool Tool Sel. Param Iden. Tool Sel. Param Iden.

Qwen2.5-3B

Base 48.7 55.3 83.6 75.1 12.4 7.6 10.0 10.0
PA-Tool 50.0 58.8 86.2 72.6 18.1 10.5 15.7 14.3
Constrained 65.9 80.3 60.9 77.3 65.7 16.2 42.9 32.9
Constrained-PA 66.1 77.9 74.5 76.5 61.9 26.7 37.1 30.0

Qwen2.5-7B

Base 59.6 74.4 78.3 78.3 49.5 20.0 21.4 21.4
PA-Tool 64.1 78.4 88.2 84.9 55.2 21.9 27.1 22.9
Constrained 64.2 81.0 78.4 83.3 78.1 31.4 71.4 51.4
Constrained-PA 67.9 79.3 84.0 84.1 76.2 31.4 67.1 54.3

Llama3.2-3B

Base 55.0 58.6 43.6 79.1 56.2 20.0 32.9 27.1
PA-Tool 65.7 67.7 60.6 80.5 62.9 21.9 34.3 28.6
Constrained 55.1 70.2 72.3 89.5 62.9 20.0 41.4 31.4
Constrained-PA 59.2 69.8 65.5 86.9 68.6 21.9 44.3 40.0

Llama3.1-8B

Base 61.5 73.9 53.5 78.7 58.1 17.1 42.8 34.3
PA-Tool 70.4 79.9 66.0 88.3 68.6 18.1 48.6 35.7
Constrained 66.3 81.7 66.2 74.3 64.8 16.2 44.3 35.7
Constrained-PA 69.8 81.2 66.3 79.9 63.8 20.0 45.7 35.7

Table 16: Performance of Constrained generation using JSON Schema enum on MetaTool and RoTBench

Model Method
MetaTool RoTBench

Tool Selection Single-turn Multi-turn

Similar Scenario Reliability Multi-tool Tool Sel. Param Iden. Tool Sel. Param Iden.

Qwen2.5-3B

Base 48.7 55.3 83.6 75.1 12.4 7.6 10.0 10.0
PA-Tool 50.0 58.8 86.2 72.6 18.1 10.5 15.7 14.3
EasyTool 52.3 64.3 91.5 70.6 19.1 12.4 14.3 11.4
EasyTool+PA-Tool 48.0 47.7 93.4 46.1 22.9 19.1 17.1 14.3

Qwen2.5-7B

Base 59.6 74.4 78.3 78.3 49.5 20.0 21.4 21.4
PA-Tool 64.1 78.4 88.2 84.9 55.2 21.9 27.1 22.9
EasyTool 65.1 78.9 83.0 85.1 50.5 26.7 25.7 24.3
EasyTool+PA-Tool 64.5 73.5 90.5 79.3 52.4 26.7 27.1 25.7

Llama3.2-3B

Base 55.0 58.6 43.6 79.1 56.2 20.0 32.9 27.1
PA-Tool 65.7 67.7 60.6 80.5 62.9 21.9 34.3 28.6
EasyTool 45.3 65.3 64.1 79.5 56.2 20.9 35.7 28.6
EasyTool+PA-Tool 42.0 58.3 80.5 66.6 66.7 23.8 38.6 30.0

Llama3.1-8B

Base 61.5 73.9 53.5 78.7 58.1 17.1 42.8 34.3
PA-Tool 70.4 79.9 66.0 88.3 68.6 18.1 48.6 35.7
EasyTool 61.1 77.2 76.9 72.2 59.0 14.3 40.0 31.4
EasyTool+PA-Tool 66.2 77.9 73.8 68.6 64.8 21.9 41.4 37.1

Table 17: Performance of description enhancement (EasyTool) on MetaTool and RoTBench

without modifying the tool naming schema.

EasyTool. EasyTool (Yuan et al., 2025) creates
unified tool instructions by restructuring verbose
API documentation into clear, consistent formats.
We adapt this methodology with two modifications.
First, to ensure fair comparison without introducing
external model capabilities, we use the target model
itself rather than GPT-4 to generate descriptions.
Second, we simplify the output to concise 1–2 sen-
tence descriptions with action-oriented verbs (e.g.,
“Retrieves”, “Calculates”). The full prompt tem-
plate follows EasyTool’s principles of removing
redundancy and improving clarity (Figure 13).

Results. As shown in Table 17, PA-Tool and
EasyTool show complementary strengths across
models. On Llama models, PA-Tool substantially
outperforms EasyTool (e.g., Llama3.2-3B Simi-
lar: 65.7% vs. 45.3%; Llama3.1-8B Multi-tool:
88.3% vs. 72.2%), suggesting that naming align-
ment drives larger gains than description enhance-
ment for these models. On Qwen models, EasyTool
is competitive and sometimes stronger, particularly
for Qwen2.5-3B on MetaTool subtasks (e.g., Sce-
nario: 64.3% vs. 58.8%), indicating that different
models benefit from different axes of schema im-
provement. Importantly, the two approaches are
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Target Schema Source Similar Scenario Reliab. Multi.

Llama3.2-3B

Base (no PA-Tool) 55.0 58.6 43.6 79.1
Qwen2.5-7B 61.6 59.3 65.5 80.7
Qwen2.5-3B 58.4 60.2 67.6 79.3
Llama3.1-8B 63.3 65.9 67.5 82.7
Self 65.7 67.7 60.6 80.5

Llama3.1-8B

Base (no PA-Tool) 61.5 73.9 53.5 78.7
Qwen2.5-7B 69.6 77.4 54.1 83.1
Qwen2.5-3B 68.9 78.2 54.7 82.5
Llama3.2-3B 69.2 79.2 51.2 85.7
Self 70.4 79.9 66.0 88.3

Table 18: Cross-model schema transfer on MetaTool.
Self denotes the target model’s own PA-Tool schema.

compatible: combining EasyTool with PA-Tool
achieves the best Reliability scores on three of
four models (e.g., Qwen2.5-3B: 93.4%), and yields
the strongest overall parameter identification on
RoTBench (e.g., Qwen2.5-3B single-turn: 19.1%),
showing that name alignment and description clar-
ity address orthogonal aspects of schema quality.

H Cross-Model Schema Transfer

PA-Tool generates model-specific schemas, rais-
ing a practical question: in multi-agent systems
with heterogeneous SLMs, must each model use its
own schema? We investigate cross-model schema
transfer by evaluating target models with schemas
generated by different source models.

Results. Table 18 presents cross-model schema
transfer results on MetaTool. We observe three
findings. First, cross-model schemas improve
over unaligned baselines, even across model fami-
lies (e.g., Llama3.1-8B with Qwen2.5-7B schemas
achieves 69.6% on Similar, +8.1% over Base),
suggesting partially overlapping naming conven-
tions due to shared training corpora. Second, self-
generated schemas are optimal in most settings, but
cross-model gaps are task-dependent: on Similar
and Scenario, gaps are within 1–3%, while Reli-
ability shows larger gaps (e.g., 54.1% vs. 66.0%
for Llama3.1-8B), indicating that tasks requiring
precise schema understanding are more sensitive
to model-specific alignment. Third, larger mod-
els’ schemas can benefit smaller models within
the same family; Llama3.2-3B with Llama3.1-8B
schemas achieves the highest scores on Multi-tool
among cross-model configurations.

We recommend generating model-specific
schemas given the negligible one-time cost (Ap-
pendix F). When this is infeasible, cross-model
schemas—particularly from a larger model in the
same family—provide a viable fallback that still

Model Level Single-turn Multi-turn

Tool Sel. Param Id. Tool Sel. Param Id.

Qwen2.5-3B

Clean 12.4 7.6 10.0 10.0
Slight 13.3 6.2 7.9 6.4
Medium 11.4 6.7 7.1 5.0
Heavy 21.9 5.7 9.3 5.0
Union 8.6 3.8 10.0 4.3
PA-Tool 18.1 10.5 15.7 14.3

Qwen2.5-7B

Clean 49.5 20.0 21.4 21.4
Slight 33.3 12.9 20.0 18.6
Medium 28.1 10.0 16.4 15.0
Heavy 47.6 12.9 27.9 18.6
Union 41.9 17.1 25.7 20.0
PA-Tool 55.2 21.9 27.1 22.9

Llama3.2-3B

Clean 56.2 20.0 32.9 27.1
Slight 34.8 10.5 20.0 13.6
Medium 31.9 10.5 17.1 10.7
Heavy 47.6 11.9 23.6 12.9
Union 50.5 16.2 21.4 14.3
PA-Tool 62.9 21.9 34.3 28.6

Llama3.1-8B

Clean 58.1 17.1 42.8 34.3
Slight 37.1 8.1 27.9 22.1
Medium 31.9 8.1 25.7 21.4
Heavy 48.6 10.0 31.4 23.6
Union 46.7 12.4 40.0 25.7
PA-Tool 68.6 18.1 48.6 35.7

Table 19: Performance across RoTBench noise levels.

outperforms unaligned baselines.

I Robustness Across Noise Levels

A central premise of PA-Tool is that SLMs rely
heavily on tool names, not just descriptions, when
making tool-use decisions. To stress-test this
premise and demonstrate PA-Tool’s robustness,
we evaluate all four main models across the five
noise environments defined by RoTBench (Ye
et al., 2024): Clean (original schemas), Slight
(character-level insertions, omissions, and substi-
tutions), Medium (names replaced with reversed
strings or random characters such as “abc”), Heavy
(names shuffled across tools, creating anti-semantic
assignments), and Union (a random combination of
the above perturbations to both tool names and pa-
rameters). PA-Tool generates schemas solely from
descriptions, so its output is identical regardless of
the original schema’s noise level.

Results. Table 19 reports single-turn and multi-
turn results across all noise levels. Three patterns
emerge, together motivating PA-Tool’s role.

First, tool names are primary selection cues.
For most models, even the mildest perturbation
(Slight) causes large drops in single-turn tool se-
lection despite descriptions remaining intact (e.g.,
Llama3.1-8B: 58.1% → 37.1%; Llama3.2-3B:
56.2% → 34.8%).

Second, not all names are equally useful: plau-
sibility matters, but alignment matters more.
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Medium noise, where names become semantically
meaningless, produces the most severe drops (e.g.,
Llama3.1-8B: 58.1% → 31.9%), while Heavy
noise shows partial recovery (e.g., 58.1% →
48.6%) because shuffled names still preserve real-
world naming patterns even when attached to the
wrong tools. Models thus benefit from plausible
names, but correctly aligned names are needed
for full performance—and human-designed Clean
schemas are not guaranteed to provide them.

Third, PA-Tool provides such alignment, sur-
passing the Clean baseline on nearly all set-
tings. Single-turn tool-selection gains reach +5.7
to +10.5 points on the three stronger models
(e.g., Llama3.1-8B: 58.1% → 68.6%; Qwen2.5-
7B: 49.5% → 55.2%; Llama3.2-3B: 56.2% →
62.9%), with consistent improvements on multi-
turn settings and parameter identification. Since
PA-Tool generates names from descriptions alone,
it yields the same pretraining-aligned schema re-
gardless of input quality, providing a stable perfor-
mance floor for real-world deployments where tool
schemas may be inconsistently named or poorly
documented.

J AI Assistants in Research or Writing

We used AI assistants to refine writing, proofread
the text, and assist with coding experiments. How-
ever, all core ideas, experimental design, analysis,
and scientific contributions are entirely the work of
the authors.

K Potential Risks

We acknowledge two potential risks associated
with deploying PA-Tool. First, because PA-Tool
explicitly aligns tool schemas with patterns inter-
nalized during pretraining, it may preserve and rein-
force biased, culturally narrow, or English-centric
naming conventions present in the pretraining cor-
pus; practitioners deploying PA-Tool on multilin-
gual or domain-specific tool ecosystems may need
to audit the generated names for cultural appropri-
ateness and inclusivity. Second, although our hu-
man evaluation (§6.7) shows that PA-Tool names
are generally rated as more understandable than
the originals, a minority of cases (∼10%) yield
names that human developers find less clear, and a
human-in-the-loop review of the generated schema
mapping may be warranted before deployment in
safety-critical applications.

L Prompt Templates

Candidate Name Generation Prompt

Generate a {{ component }} name from the
description below.
The {{ component }} will be used in a tool
agent scenario.

Description:
{{ description }}

If component == "tool":
Example:
Description: A tool that manages files and direc-
tories on the system.
Output: file_manager

Generate only the name without additional expla-
nation.

Elif component == "parameter":
Example:
Context:
Tool: file_manager - A tool for managing files
and directories
Output: file_path

Context:
Tool: {{ tool_name }} - {{ tool_description }}
Generate only the name without additional expla-
nation.

Figure 6: Candidate name generation prompt.

RoTBench Inference Prompt

System: You are an expert in using tools. At
each step, analyze the state and decide the next
action with a function call.

Available tools:
[{"name": "get_translation_nllb",
"description": "Translate text using

NLLB model.",
"parameters": {"input_text": {...},

"tgt_lang": {...},
"src_lang": {...}, ...}},

{"name": "get_translation_baidu",
"description": "Translate using BAIDU

API.",
"parameters": {"text": {...},

"tgt_lang": {...}, ...}},...]

User: “What is the translation of ‘See you later’
in Japanese?”

Expected output:
Thought: Need to translate English to Japanese
Action: get_translation_nllb
Action Input: {"input_text": "See you later",
"tgt_lang": "jpn_Jpan", "src_lang": "eng_Latn"}

Figure 7: RoTBench inference prompt with system mes-
sage, tool schemas, and structured output format.
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MetaTool Inference Prompt

You are a helpful AI assistant. Your current task
is to choose the appropriate tool to solve the
user’s query based on their question. I will pro-
vide you with the user’s question and information
about the tools. If there is a tool in the list that
is applicable to this query, please return the name
of the tool (you can only choose one tool). If
there isn’t, please return ‘None.’ Additionally,
you will need to support your answer with a
brief explanation.

User’s Query: [User’s Query Start] Planning
a beach day next week, while considering the
ideal weather conditions, availability of beach
accessories, preferred beach location, potential
activities to engage in like swimming, sunbathing,
or playing beach games, and coordinating with
friends or family members to join in the fun.
[User’s Query End]

List of Tools with Names and Descriptions:
[List of Tools with Names and Descriptions Start]

1. tool name: airqualityforeast, tool
description: [‘Planning something outdoors?
Get the 2-day air quality forecast for any
US zip code.’]

2. tool name: WeatherTool, tool description:
Provide you with the latest weather
information.

3. tool name: AusSurfReport, tool description:
[‘Get today’s surf report for any break
throughout Australia!’]

...

10. tool name: EarthquakeTool, tool description:
Provides real-time earthquake notifications
and news.

[List of Tools with Names and Descriptions End]

Here are some examples: [Examples Start]
query: “I’m planning a hiking trip next week.
What will the weather be like in the Grand
Canyon?” tool: WeatherTool
query: “I’m a beginner surfer. Can you suggest
a beach with mild waves for me to practice in
Australia?” tool: AusSurfReport
...
[Examples End]

User query: “Planning a beach day next week,
while considering the ideal weather conditions...”
tool:

Figure 8: MetaTool inference prompt with task instruc-
tions, candidate tools, and few-shot examples.

API-Bank Inference Prompt

Instruction: Based on the given API description
and the existing conversation history 1..t, please
generate the API request that the AI should
call in step t+1 and output it in the format of
[ApiName(key1=’value1’, key2=’value2’, ...)],
replace the ApiName with the actual API name,
and replace the key and value with the actual
parameters.

Your output should start with a square bracket “[”
and end with a square bracket “]”. Do not output
any other explanation or prompt or the result of
the API call in your output.

This year is 2023.

API descriptions:
[{"name": "GetWeather",
"description": "Get current weather

information",
"parameters": {"location": {"type":

"string",
"description": "City name"},
"unit": {"type": "string",
"enum": ["celsius", "fahrenheit"]}}},

...]

Input:
User: What’s the weather like in San Francisco?
AI: I’ll check the current weather in San Fran-
cisco for you.

Expected output:
[GetWeather(location=’San Francisco’,
unit=’fahrenheit’)]

Figure 9: API-Bank inference prompt with API call
generation instructions, schemas, and input dialogue.
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τ -bench Inference Prompt

Instruction: You need to act as an agent that
uses the above tools to help the user according to
the above policy. At each step, your generation
should have exactly the following format:

Thought: <A single line of reasoning to
process the context
and inform the decision making. Do not

include extra lines.>
Action: {"name": <The name of the action>,
"arguments": <The arguments to the action

in json format>}

The Action will be parsed, so it must be valid
JSON. You should not use made-up or place-
holder arguments.

Available tools:
[{"type": "function",
"function": {"name":

"get_current_weather",
"description": "Get the current

weather",
"parameters": {"type": "object",
"properties": {"location": {"type":

"string",
"description": "The city and state,

e.g. San Francisco, CA"},
"format": {"type": "string", "enum":

["celsius", "fahrenheit"],
"description": "The temperature unit

to use. Infer this
from the users location."}},

"required": ["location", "format"]}}},
...]

User: “I want to know the current weather of
San Francisco”

Expected output:
Thought: Since the user asks for the weather
of San Francisco in USA, the unit should be in
fahrenheit. I can query get_current_weather to
get the weather.
Action: {"name": "get_current_weather", "ar-
guments": {"location": "San Francisco, CA",
"format": "fahrenheit"}}

[If tool returns "70F"]
Thought: I can answer the user now.
Action: {"name": "respond", "arguments": {"re-
sponse": "The current weather of San Francisco
is 70F."}}

Figure 10: τ -Bench inference prompt with structured
agent instructions, tool schemas, and multi-step reason-
ing examples.

Error Classification Prompt

You are an expert in analyzing tool selection
errors in language models.

Given a query, the ground truth tool(s), the
model’s selected tool, and the available tool
list, classify the error into ONE of these three
categories:

1. Schema Misalignment Error: The model
selected a tool name that seems plausible but
doesn’t exist in the tool list, OR the model se-
lected a tool with a similar name pattern but
different from the correct tool. This indicates the
model is following its pretrained naming patterns
rather than the actual schema.

2. Functional Confusion Error: The model
selected an existing tool from the list that has
similar functionality to the correct tool, but is
not the right choice. The model understands the
query but confuses functionally similar tools.

3. Context Understanding Error: The model
failed to understand the query’s intent or context,
selecting a tool that is functionally unrelated to
what the query requires.

Query: {query}
Ground Truth Tool: {ground_truth}
Model Selected: {model_output}
Available Tools: {tool_list}

IMPORTANT: Respond with ONLY ONE of
these exact phrases:
Schema Misalignment Error
Functional Confusion Error
Context Understanding Error

Figure 11: Error classification prompt for analyzing tool
selection errors.
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Training Data Generation Prompt

You are an expert at explaining tool selection
reasoning for AI systems. Your task is to gener-
ate high-quality, flowing reasoning that explains
WHY specific tools were chosen for a given
query.

Your Task:
Given:

• A user’s query

• A list of available tools with descriptions

• The tools that were selected (answer)

Generate: A clear, logical reasoning in natural
paragraph form that explains why these specific
tools are the best choices.

Quality Criteria:
Your reasoning MUST:

1. Analyze the query deeply: Identify key
requirements, implicit needs, and user intent

2. Connect query to tools: Explicitly link
query elements to tool capabilities

3. Justify each selection: Explain why each
tool is necessary

4. Show tool synergy: Explain how the tools
work together

5. Consider alternatives: Briefly mention why
other tools were NOT chosen

6. Be specific: Use concrete details from the
query and tool descriptions

7. Write in flowing prose: Use natural
paragraphs, not bullet points or lists

Example:
...

Now Generate:
User’s Query: {{ query }}
Selected Tools: {{ selected_tools }}

Write your reasoning as flowing paragraphs that
naturally cover query analysis, tool justification
for each selected tool, their combined strategy,
and why alternatives were not chosen.

Figure 12: Training data generation prompt for super-
vised fine-tuning in Metatool.

Description Enhancement Prompt
(EasyTool-style)

You are tasked with improving a tool description
following the EasyTool methodology. The goal is
to create clear, structured, and unified instructions
that help language models better understand the
tool’s purpose and usage.

Original Description: {{ description }}

Instructions:
1. Create a CONCISE description that clearly

states the tool’s core functionality
2. Focus on WHAT the tool does and WHEN to

use it
3. Remove redundant, verbose, or marketing-style

language
4. Use action-oriented verbs at the start (e.g.,

“Retrieves”, “Calculates”, “Searches”)
5. Keep the description to 1-2 sentences

maximum

Critical Rules:
• Do NOT include ANY tool name, API name,

or brand name
• Do NOT start with “This tool...”, “The tool...”,

or any name reference
• Start DIRECTLY with an action verb

describing the functionality

Example:
Original: “WeatherAPI is a comprehensive
weather tool that can be used to get current
weather data and forecasts.”
Improved: “Retrieves current weather conditions
and forecasts including temperature, humidity, and
precipitation for specified locations.”

Generate ONLY the improved description without
additional explanation.

Figure 13: Prompt template for description enhance-
ment following EasyTool (Yuan et al., 2025).
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