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Abstract

LLM agents operating over massive, dynamic
tool libraries rely on effective retrieval, yet
standard single-shot dense retrievers struggle
with complex requests. These failures pri-
marily stem from the disconnect between ab-
stract user goals and technical documentation,
and the limited capacity of fixed-size embed-
dings to model combinatorial tool composi-
tions. To address these challenges, we pro-
pose TOOLQP, a lightweight framework that
models retrieval as iterative query planning. In-
stead of single-shot matching, TOOLQP de-
composes instructions into sub-tasks and dy-
namically generates queries to interact with the
retriever, effectively bridging the semantic gap
by targeting the specific sub-tasks required for
composition. We train TOOLQP using syn-
thetic query trajectories followed by optimiza-
tion via Reinforcement Learning with Verifi-
able Rewards (RLVR). Experiments demon-
strate that TOOLQP achieves state-of-the-art
performance, exhibiting superior zero-shot gen-
eralization, robustness across diverse retrievers,
and significant improvements in downstream
agentic execution.'

1 Introduction

Large language models (LLMs) have evolved from
simple text generation into integration within agen-
tic frameworks that allow them to solve a vari-
ety of complex tasks such as math, reasoning,
and coding, by interacting with external environ-
ments (Mialon et al., 2023; Yao et al., 2023). Inte-
gral to this paradigm shift is the ability to use tools,
namely APIs, databases, and software tools, to ex-
tend the models’ capabilities beyond their para-
metric knowledge (Qin et al., 2024a). As agentic
workflows are being developed, the scale of these
tool libraries are expanding rapidly, moving from

'Source code is available at https://github.com/
wfangtw/toolqgp.

dozens of hand-picked functions to massive, dy-
namic repositories containing tens of thousands
of APIs. In these scenarios, it is computationally
infeasible to fit the entire tool context, including
documentation, tool-specific instructions, and in-
context tool demonstrations, into the LLM’s con-
text window. Consequently, tool retrieval has been
fundamental to the design of practical frameworks,
retrieving relevant tools from the toolset as an ini-
tial step (Li et al., 2023b).

While recent work has adapted information
retrieval (IR) techniques with ad-hoc tool-use
datasets (Qu et al., 2024; Xu et al., 2024) to en-
hance tool retrieval, they along with approaches
that perform well on conventional IR benchmarks
are shown to exhibit poor performance on a wide
variety of tool-use tasks and tools (Shi et al., 2025).
These existing approaches typically employ dense
embeddings with a standard single-shot retrieval
step, and while they may be effective for simple,
direct queries, they often fail significantly when
applied to complex, compositional tasks.

We identify three fundamental challenges that
stem from applying these single-shot retrieval
paradigms to dynamic agentic workflows. First,
semantic misalignment creates a critical discon-
nect between the high-level vocabulary of user in-
tent and the technical specificity of tool schemas.
For instance, a user may request to "make this
audio recording high quality,” while a relevant
tool scipy.signal.lfilter(b, a, x) may be
defined strictly by mathematical parameters like
b (numerator) and a (denominator) along with
technical descriptions such as “Filter data along
one-dimension with an IIR or FIR filter.” Stan-
dard dense retrievers fail to bridge the gap be-
tween the subjective goal ("high quality") and
the implementation-level terminology (1filter),
and this is exacerbated by the heterogeneous na-
ture of large-scale tool libraries, where documenta-
tion styles vary from verbose descriptions to raw,
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schema-heavy protocols (Qin et al., 2024b; Shi
et al., 2025). Furthermore, real-world tasks are
inherently compositional, often requiring the si-
multaneous application of multiple distinct tools;
for example, retrieving both a WeatherAPI and a
StockMarketDB to “analyze how rain affects retail
sales.” However, a single fixed-dimensional vec-
tor lacks the capacity to encode the combinatorial
diversity of multiple disparate tools (Weller et al.,
2025), a limitation that is amplified as tool libraries
scale. Finally, current single-shot methods lack
interactive toolset awareness. They treat the reposi-
tory as a static database and cannot handle internal
constraints or changes. In contrast, interacting with
the environment provides critical feedback on inter-
tool dependencies (Xu et al., 2024), for example
discovering that a forecasting_tool requires a
specific region_id from a lookup utility, and al-
lows the system to adapt to modifications within
the toolset.

To address these limitations, we propose the Tool
Query Planner (TOOLQP), a framework that for-
mulates retrieval as an iterative planning process
rather than a static single-shot semantic matching
task. TOOLQP decomposes complex user requests
into a logical sequence of high-level sub-tasks, in-
teractively retrieving relevant tools for each step
through a unified and light-weight model designed
to interface with any existing retrieval system. This
approach effectively bridges semantic gaps by in-
ferring functional utility from abstract goals, cir-
cumvents compositional bottlenecks by retrieving
conceptually-similar tools step-by-step rather than
compressing them into a single vector, and resolves
inter-tool dependencies and toolset modifications
via dynamic environment feedback. Our design is
inherently modular and generalizable, functioning
as a complementary layer atop standard retrievers
without requiring architectural changes to the un-
derlying index or the downstream reasoning LLM.
Furthermore, the explicit planning trajectory gener-
ated during retrieval could serve as valuable context
for the downstream agent to ground its execution.
Extensive experiments across a wide variety of tool-
use tasks demonstrate that TOOLQP significantly
improves both retrieval accuracy and downstream
execution success rates compared to state-of-the-art
baselines. Overall, our contributions are summa-
rized as follows:

* We propose TOOLQP, a novel framework
that fundamentally shifts tool retrieval from a

static similarity matching task to a dynamic
planning process. By reframing the problem,
we enable the resolution of complex, compo-
sitional queries and facilitate the discovery of
inter-tool dependencies that single-shot dense
retrievers are inherently limited in addressing.

* We design TOOLQP as a modular, lightweight
layer that integrates seamlessly with existing
dense retrievers and downstream LLMs. Our
approach leverages interactive feedback to
adapt to heterogeneous tool documentation
styles and diverse retrieval environments with-
out requiring architectural modifications or
fine-tuning of the underlying system.

* We demonstrate through extensive experi-
ments on a diverse set of tool-use benchmarks
that TOOLQP significantly outperforms state-
of-the-art baselines. Our results show con-
sistent improvements in both retrieval per-
formance and downstream execution success
rates, particularly in scenarios characterized
by high compositional complexity and ab-
stract user intent.

2 Related Work

Tool Learning and Retrieval. LLMs are increas-
ingly employed in agentic frameworks that en-
able tool use for solving complex tasks (Gupta
and Kembhavi, 2023; Mialon et al., 2023; Suris
et al., 2023; Team et al., 2023; Wu et al., 2023; Cai
et al., 2024; Qin et al., 2024a; Zhang et al., 2024).
Conventional approaches include post-training fine-
tuning (Parisi et al., 2022; Thoppilan et al., 2022;
Patil et al., 2023; Schick et al., 2023; Dubey et al.,
2024; Yang et al., 2023; Liu et al., 2025; Lin et al.,
2025; Yang et al., 2025), or in-context learning
with meta-prompts for zero-shot tool usage (Lu
et al., 2023; Shen et al., 2023b; Song et al., 2023;
Qin et al., 2024b; Zhuang et al., 2024). However,
scaling to large toolsets (e.g., 52k+ in Rapid API)
is challenging due to limited context windows and
performance degradation from long contexts (Liu
et al., 2024a; Qu et al., 2024), an issue exacer-
bated when including necessary instructions and
demonstrations (Hsieh et al., 2023; Xu et al., 2023).
Furthermore, frequent updates to the toolset make
retraining cost-prohibitive, necessitating zero-shot
approaches (Fang et al., 2025; Qu et al., 2025).
Contemporary tool-use frameworks address this via
semantic retrievers, utilizing either conventional
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User query: 1 want to
surprise my friends with
a beach vacation. Can
you suggest some cities
with beautiful beaches
and resorts? Also,
provide me with a list
of airports near these
cities, along with their
names, IATA codes,
and locations.
Additionally, I would
like to know the flight
cancellation probability
for a round trip from
LA to Cancun in
December 2023.

Task 1: suggest

cities with beautiful

beaches and resorts

Task 2: List

airports near the
suggested cities
with their names,
TATA codes, and
locations

Task 3: Provide the

flight cancellation
probability for a
round trip flight
between specified
cities and dates

Query

Generation

tool for suggesting cities with
beautiful beaches and resorts
category: string, parameters:
location: string, category:
beach, category: resort,
function: suggest_ cities

Retriever

Query

Generation

list airports near cities with
parameters city name: string,
category: string, categories:
beach, resort, location: string,
iata_code: string, function:

list _airports, category: airports

Retriever

i

Query
Generation

flight cancellation probability
round trip flight parameters:
departure_ city: string,

arrival _city: string,

date_ departure: date,
date_return date, category:
string, function:

flight _cancellation_ probability
, description: statistical
probability of flight

‘>| Aggregate

Retriever

GetAirportsBy
City(city)
This APT enables you

51

to effortlessly
retriey s

Task Decomposition

cancelation, categories: flight

Figure 1: Overview of the TOOLQP framework. The Planner decomposes a complex user query (e.g., travel
planning) into sequential sub-tasks. For each sub-task, it interactively generates queries, processes feedback from
the dense retriever, and self-corrects if necessary, before aggregating the final set of relevant tools.

dense embeddings ill-suited for tools (Shi et al.,
2025) or task-specific models lacking generaliz-
ability (Gao et al., 2024; Kong et al., 2024; Qin
et al., 2024b; Wang et al., 2025). Tool retrieval is
arguably more challenging than conventional IR
due to multi-tool composition (Qu et al., 2024) and
the semantic gap between user intent and technical
documentations (Chen et al., 2024b), and TOOLQP
is explicitly designed to address these challenges.

Generative Modeling for Retrieval. Document
expansion, which appends generated queries to
documents, and query expansion, which augments
queries with relevant content, are established IR
techniques that are simple yet effective (Maron
and Kuhns, 1960; Qiu and Frei, 1993; Xu and
Croft, 1996; Singhal and Pereira, 1999). Pseudo-
relevance feedback similarly expands queries us-
ing top-ranked documents from a first-pass re-
trieval (Rocchio, 1971; Croft and Harper, 1979;
Lavrenko and Croft, 2001; Wang et al., 2021; Yu
etal., 2021; Li et al., 2023a). Recently, LLMs have
advanced generative document expansion for IR
and QA (Dai and Callan, 2019; Nogueira et al.,
2019; Formal et al., 2021; Lewis et al., 2021), and
query expansion via hypothetical document gen-
eration (Gao et al., 2023; Jagerman et al., 2023;
Mackie et al., 2023; Shen et al., 2023a; Wang
et al., 2023) or expansion term selection (Mao
et al., 2021; Chuang et al., 2023). Alternatively,
LLMs facilitate query rewriting—reformulating the
user query entirely—and retrieval scoring and re-

ranking (Yu et al., 2020; Sachan et al., 2022; Ma
et al., 2023; Mao et al., 2023; Sun et al., 2023; Ye
et al., 2023; Fang et al., 2024; Feng et al., 2024).
Recent studies adapt these methods for tool re-
trieval via few-shot prompting (Chen et al., 2024b),
or by incorporating them within the retriever fine-
tuning process (Xu et al., 2024). Contemporaneous
work further explores training with large-scale ex-
pansion augmentation (Sengupta et al., 2025; Lu
et al., 2025). In comparison, TOOLQP learns ro-
bust query planning while being very lightweight,
outperforming without prompting large models or
requiring retriever fine-tuning.

3 TooLQP: Query Planning

3.1 The Modeling Framework

We assume access to a tool retriever £ that receives
a user query ¢ and returns a ranked list of tools
from the tool set D. A typical single-shot retrieval
directly embeds ¢ and all tools d € D using the
retriever £ and selects the tools with highest similar-
ity score as relevant tools. However, as previously
discussed, this single-shot paradigm struggles to
capture compositional intent and lacks interactivity
required to resolve dynamic changes to the toolset
or tool-specific dependencies. To address these lim-
itations, we propose TOOLQP, a query planning
framework that casts tool retrieval as a sequential
decision-making process. Rather than treating the
retriever as a static index, & is treated as a dynamic
environment with which TOOLQP can interact with
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and explore the tool space. The TOOLQP frame-
work consists of three stages: planning, query gen-
eration, and aggregation, as illustrated in Fig. 1.

Planning by Task Decomposition. The primary
challenge in tool retrieval is the semantic misalign-
ment between high-level user intents and low-level
tool representations. Directly querying the retriever
with a complex instruction g often leads to subop-
timal performance since the necessary tool key-
words are usually absent from the user’s phrasing.
To bridge this gap, TOOLQP first generates a nat-
ural language plan P, and then decomposes the
user query ¢ into a logical sequence of sub-tasks
{sn}. Unlike prior methods that rely on costly,
prompt-engineered calls to large models to identify
user intents, TOOLQP is a lightweight and modular
solution that learns this decomposition capability
directly and efficiently.

Interactive Query Generation. Guided by the
generated plan P, TOOLQP then targets each sub-
task by interactively generating a sequence of
search queries {q; }. At each step ¢, the model ob-
serves the retrieval feedback O; = £(¢y; D) before
generating the next query g;+1. This feedback loop
addresses the limitations of single-shot retrieval by
allowing the model to dynamically adjust its strat-
egy based on the retrieval feedback. For example, if
an initial query retrieves a relevant tool that requires
a specific input argument, the model can generate
subsequent queries to target that prerequisite tool.
This iterative process continues until the model de-
termines the sub-tasks in P have been sufficiently
covered, resulting in a trajectory of query-retrieval

pairs {(q, O¢)}.

Retrieval Aggregation. The final stage is to ag-
gregate results from the query-retrieval trajectory
into a single ranked list that can be used by a down-
stream LLM. While previous work have explored
reciprocal rank fusion (RRF) or engineered com-
plex rank-fusion algorithms to integrate multiple re-
trieval rankings, we find these methods unsuitable
or unnecessary for our planning-based framework.
Since the model may generate a varying number of
queries for different sub-tasks, prior methods tend
to bias the final ranking toward sub-tasks that re-
quire more query attempts. Therefore, we employ
a simple yet robust peak-rank aggregation strategy:
for every unique tool d € | J Oy, we assign its final
rank based strictly on the highest rank it achieved
across any single retrieval attempt. This effectively

balances the retrieval results across each sub-task.

3.2 Data Generation & SFT

To train a TOOLQP model, it requires supervision
for the modeling outputs we described earlier: the
task decomposition plan P, and the subsequent
search query trajectory {(¢:, O;) }. However, stan-
dard tool retrieval datasets typically provide only
the user query ¢ and the final set of ground-truth
tools 7*. While Shi et al. (2025) previously paired
each instance with a high-level instruction, which
we can use as target for P, we still lack the query
trajectories required for training. We thus design a
data synthesis pipeline to generate effective query
trajectories from data compiled by Shi et al. (2025)
using a teacher model. The process, illustrated in
Alg. 1, involves three stages, which we describe
below.

Plan Alignment. First, we must ground the high-
level natural language plan P in the ground-truth
tools 7*. We prompt a teacher model to parse P
into a sequence of discrete sub-tasks and assign
the corresponding subset of target tools ¢t € T*
to each sub-task. This results in a reasonable task
decomposition and also a clear mapping between
each sub-task and the tools required to complete
them.

Query Generation. Next, we generate the search
queries necessary to retrieve the assigned tools for
each sub-task. To prevent generating trivial queries
such as using the exact target tool names, we use
the teacher model to simulate the query generation
process, without conditioning on the specific tar-
get tool names; specifically, we prompt the teacher
model to generate /N candidate queries for a sub-
task based only on the sub-task description. This
constraint forces the generation of queries that de-
scribe the desired functionality of the tool rather
than memorized identifiers. However, for tools that
are difficult to retrieve with generic descriptions,
we adopt a curriculum learning approach: if the ini-
tial query candidates fail to retrieve the target tools
(as determined in the verification step below), we
iteratively re-prompt the teacher with more target
information until a valid query is found.

Query Verification and Trajectory Construction.
For each step, we input all N candidate queries
to the retriever £ to obtain the ranks of the target
tools, and select the query candidate that achieves
the highest recall and is higher than a set thresh-
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Algorithm 1 TRAJECTORY GENERATION

Require: g: user query, P: natural language plan, target
tools 7%, teacher model M

12 {(8n, TH)YE_, < PARSEM(q, P)
2: H(—[P, S1, ...,SK]

3: forn + 1to K do

4: A ]

5: while AVGRANK(7,,O;) > rr do

6: ¢ + ADDMOREINFO(c, T;})
7: Qcand < {GENERATE A1(q, $1:n—1,¢) }ieq
8: Ocand = {RETRIEVE( (Cza)nd) i
9: i* < Besticq1,..., N} AVGRANK(ﬁ:O&ld)
10: qt, Ot — Qézang7 Oé:ng
11: APPEND(A, (g1, Ot))

12: end while

13: if BERN(p) then

14: EXTEND(H, .A)

15: else

16: APPEND(H, (g¢, O¢))
17: end if

18: end for

19: return H

old rank 7, to be the valid query. To construct
a full trajectory of {(qs, O;)}, we gather all valid
queries g; for all sub-tasks of the user query q. Ad-
ditionally, we include query sequences that include
failed attempts that yielded low ranks followed by
a subsequent successful query to simulate an inter-
active trial-and-error process, providing the model
with explicit training examples of self-correction.
The resulting synthetic data trajectory, comprising
the high-level plan P, sub-tasks {s,}, and query-
retrieval feedback sequence {(g;, O;)}, is used to
train the model via standard supervised fine-tuning
with maximum likelihood and teacher forcing.

3.3 Training - RLVR

While SFT provides a strong baseline capabil-
ity by distilling the teacher’s trajectories, to en-
able the model to explore the search space and
discover query strategies that maximize retrieval
performance, we further train the model using
Reinforcement Learning with Verifiable Rewards
(RLVR) (Lambert et al., 2024; Guo et al., 2025a;
Yue et al., 2025). Specifically, we employ Group
Relative Policy Optimization (GRPO) (Shao et al.,
2024), which eliminates the need for a value net-
work and leverages the deterministic nature of
our retrieval environment. The training objective
optimizes an overall reward R = 51 Rretrieval +
B2 R format +/63Rplan~ The primary reward, Rretieval,

is a sequence-level reward calculated via the
nDCG@K and Recall @K of the final aggregated
tool list against the ground truth, which encour-
ages the model to optimize global coverage rather
than individual steps. Rformat 1S used to enforce
formatting validity, while Rjan serves as a regular-
izer that computes the semantic similarity between
the generated plan and the original high-level plan
‘P, preventing the model from deviating from the
user’s intent while exploring valid decompositions.

4 Experiments

4.1 Tool Retrieval

Benchmark and Setup. We evaluate TOOLQP
on ToolRet (Shi et al., 2025), a comprehensive
benchmark comprising 35 widely-used tool-calling
datasets categorized into Web, Code, and Custom
domains, with an overall toolset of 44k tools. For
training TOOLQP, we utilize a subset of the train-
ing split compiled by Shi et al. (2025), which is
sourced from the ToolBench, ToolACE, and API-
Gen training sets. Since these training sources fall
under the Web category, we treat the correspond-
ing test sets as in-domain, while the rest constitute
a true zero-shot transfer setting. Following prior
work, we report the standard IR metric Normal-
ized Discounted Cumulative Gain (nDCG @K), and
Completeness@K (1 [RQK = 1]), with K = 10
and macro-averaging across datasets within the
same category. For this setting, we use the retriever
gte-Qwen2-1.5B-instruct (Li et al., 2023c) (ab-
brev. gte-Qwen) as the base retriever for the base-
line methods and TOOLQP. Additional details
about the data and licenses can be found in Appx A.

Baselines. We compare TOOLQP against three
categories of baselines. = Prompting meth-
ods (using Qwen3-30B-A3B-Instruct-2507): (a)
Q2E: direct query expansion (Jagerman et al.,
2023); (b) Q2D: query expansion by hypothet-
ical tool generation (Wang et al., 2023); (c)
HyDE: using averaged embeddings of generated
tools (Gao et al., 2023); (d) D2Q: document
expansion (Nogueira et al., 2019); and (e) Re-
Invoke: Intent extraction then D2Q pipeline (Chen
et al.,, 2024b). Re-ranking methods: We
re-score the top-20 results from gte-Qwen us-
ing cross-encoders, bge-reranker-v2-m3 and
bge-reranker-v2-gemma (Chen et al., 2024a).
Fine-tuning methods (on the same data): (a) Q2P:
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In-Domain

Zero-Shot Transfer

Method Avg

Web*

Code Custom Macro-Avg

N@10 C@10 N@10 C@10 N@10 C@l0 N@10 C@l0 N@10 Ce@l0

Base Retriever (gte-Qwen) 43.3 47.8 29.7

17.8  24.1 308 356 324 298 27.0

Prompting (Qwen3-30B-A3B-Instruct)

Q2E/ZS 446 490 308 19.6  26.5 340 387 35.7 320 298
Q2D/ZS 52.0 56.8 245 18.1 2222 29.1 333 33.5 26.7 26.9
HyDE/ZS 479 523 19.7 17.0 13.6 18.8 264 297 199 218
D2Q 51.5 54.0  26.6 16.3 254 320 333 30.8 284 264
Re-Invoke 51.5 56.8  28.1 18.5 26.0 335 36.8 31.7 30.3 27.9
Q2E/PRF 450 494 31.0 18.8 26.8 33.1 35.3 33.3 31.0 284
Q2D/PRF 46.9  50.2 30.5 189  26.1 31.1 37.0 337 312 279
HyDE/PRF 435 435 26.5 18.0 248 28.6 416  26.7 27.6 244
Re-ranking with cross-encoder
bge-m3 494 525 32.7 18.5 24.7 31.6 329 302  30.1 26.8
bge-gemma 53.0 540 349 19.5 27.7 333 394 362 340 297
Fine-tuning (10k data on 1.5B/1.7B models)
Q2P/SFT 46.6 512 30.7 19.7 294 38.0 397 356 332  31.1
gte-Qwen/ContrastiveFT 572 614  29.1 186 264 329 392 355 31.5 29.0
TOOLQP-FORMAT 63.1 66.1 22.6 176 234 30,0 322  30.1 26.1 25.9
TooLQP 539 599 33.0 231 320 412 458 43.0 369 358

Table 1: Results on TOOLRET, a benchmark of 35 datasets. Web* denotes the zero-shot Web datasets.

A Qwen3-1.7B model fine-tuned to predict ini-
tial plans as expansions; and (b) ContrastiveFT:
gte-Qwen fine-tuned via contrastive learning.

Implementation details are provided in Appx. B.
We also include additional experiments that com-
pare to different k for top-k re-ranking and to base-
lines fine-tuned with a larger amount of data in
Appx. C.

TooLQP. We implemented two versions of
TooLQP, both fine-tuned with the lightweight
Qwen3-1.7B. The proposed method is denoted as
ToOLQP, where we trained on 10k synthetic trajec-
tories generated by gpt-4.1-mini (Achiam et al.,
2023) based on ToolRet’s training set. Additionally,
we test whether additional formatting information
aids in targeted domains, by additionally includ-
ing the tool format definition as targets during SFT.
This variation is denoted as TOOLQP-FORMAT.
Detailed data generation and training settings for
both SFT and RLVR can be found in Appx D.

Results. Tab. 1 presents the main retrieval results.
TooLQP and TOOLQP-FORMAT demonstrate su-
perior performance across all settings. On in-
domain splits, TOOLQP-FORMAT excels, improv-
ing over the base retriever by ~20% and outper-
forming ContrastiveFT by ~6%. This confirms that
while standard contrastive fine-tuning improves
representations, explicitly modeling tool schemas

via generation greatly benefits task-specific appli-
cations. Crucially, for zero-shot generalization,
TooLQP achieves the highest performance, sur-
passing all prompting, fine-tuning, and re-ranking
baselines. Notably, TOOLQP outperforms the state-
of-the-art cross-encoder bge-gemma by ~3% for
N@10 and ~6% for C@10. This indicates that
interactive query planning is more effective at un-
covering relevant tools than expensive post-hoc
cross-attention re-scoring. Furthermore, TOOLQP
achieves these gains while being highly efficient:
using a lightweight 1.7B model, it significantly
outperforms query expansion methods that rely on
prompting much larger (30B) models for multiple
passes and avoids the high inference latency of
cross-encoder re-ranking.

4.2 Transfer to unseen base retriever

Setup. To validate the robustness of TOOLQP,
we evaluate the trained query planner TOOLQP
in a transfer setting where it interacts with differ-
ent tool retriever models. In this setting, TOOLQP
is trained with SFT data generated using the base
retriever gte-Qwen2-1.5B-instruct and further
fine-tuned via RLVR with the same retriever, but
the query planner would be used at test time with
a different retriever, i.e., changing the test environ-
ment. This evaluates whether the planned queries
capture universal semantic properties or are over-
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In-Domain 0-Shot

Method

AN@I0 AC@I0 AN@I0 AC@I10
Q2E +1.8  +22 423 +3.1
Q2P +1.6 +22 422 436
D2Q +3.1  +3.0 422 +2.2
Re-Invoke +52 +73 +4.7 +45.0
TooLQP-FORMAT +10.2 +104 +1.7 +4.2
TooLQP +6.0 +7.5 +58 +74

Table 2: Retriever transfer results on TOOLRET.
TooOLQP is trained on gte-qwen-generated data, and
used out-of-the-box directly with various retrievers at
inference time. Average gains for NDCG@ 10 and Com-
pleteness @ 10 are reported.

fitted to the base retriever’s specific embedding
space. We evaluate on a diverse set of general and
tool-focused embedding models previously bench-
marked on ToolRet. We report the averaged gains
in nDCG@10 and Completeness@ 10 over each
corresponding base retriever. Detailed breakdowns
are provided in Appx. E.

Results. As shown in Tab 2, ToOoOLQP and
TOOLQP-FORMAT consistently outperform base-
line expansion methods, even when the infer-
ence environment differs from training. TOOLQP-
FORMAT achieves ~9-10% gains in-domain, while
TOOLQP obtains ~5-7% improvements out-of-
domain across diverse retrieval models. This con-
firms that TOOLQP’s policy is highly robust and
generalizable, providing significant value regard-
less of the underlying embedding model.

4.3 End-to-end Tool Calling

Benchmark and Setup. To assess the practical
utility of TOOLQP, we evaluate end-to-end tool-
use performance of Qwen3-30B on two standard
tool-use benchmarks, using gte-Qwen as the re-
triever. First, we use API-Bank (Li et al., 2023b)
(73 tools), testing on the retrieval-focused Level-2
subset and the Level-1 subset configured to force
tool search. We report the average accuracy based
on the top retrieved tool.

Next, we evaluated on StableToolBench (Guo
et al., 2025b) (STB), the stable version of the most
widely-used ToolBench (Qin et al., 2024b) in the
past few years. We evaluated on the subsets 12-
Category (13k tools) and I3-Instruction (1.6k tools).
Compared to API-Bank, these tasks are much more
complex and compositional, and require multiple
steps of reasoning and tool call execution. We fol-
low the official ReAct (Yao et al., 2023) inference
pipeline, and report the solvable pass rate.

API-Bank STB
Retrieval Method Qwen3-30B Qwen3-30B-ReAct
Level-1 Level-2 12-Cat  I3-Inst

Base Retriever 47.6 57.8 51.9 40.3

Q2E 48.3 59.5 483 38.6
Q2D 46.6 585 51.6 40.4
Re-Invoke 41.7 60.5 57.9 28.6
Q2P 48.0 56.1 51.9 41.0

TooLQP 53.2 60.7 60.2 48.3

Table 3: End-to-end tool-calling performance for
Qwen3-30B with different retrieval methods on API-
Bank and StableToolBench (STB). Accuracy is reported
for API-Bank and Solvable Pass Rate is reported for
StableToolBench.

Results. Tab. 3 highlights the downstream impact
of improved retrieval. On the smaller API-Bank,
TOOLQP achieves the highest accuracy with a ~3-
6% accuracy gain. This is notable as TOOLQP is
designed to operate and excel for large toolsets and
not for one as small as 73 tools, which suggests
utility even in simpler scenarios. On the larger
and more complex STB, TOOLQP achieves sub-
stantial gains of ~8-9% tool-use pass rate over the
base retriever. Notably, TOOLQP is the most con-
sistent method; unlike baselines that occasionally
degrade performance on some subsets, our planner
provides robust context that reliably aids the down-
stream agent. This is achieved with a lightweight
1.7B planner, and importantly, generalizes well
even though STB utilizes a tool embedding for-
mat different from which TOOLQP was trained on,
showcasing its robustness.

4.4 Ablation Studies

We conduct the following ablation studies to vali-
date our design choices, with results summarized
in Tab. 4.

Prompting vs SFT vs RLVR. We first investi-
gate whether explicit training is necessary by com-
paring TOOLQP against TOOLQP-PROMPTING, a
version of our pipeline that uses Qwen3-30B to plan
queries zero-shot, and further compare against only
bootstrapping with synthesized data with SFT. We
find that TOOLQP-PROMPTING already achieves
big improvements, especially on zero-shot gener-
alization, where it outperforms all prompting base-
lines shown earlier. This demonstrates the effec-
tiveness and necessity of the query planning frame-
work. However, by fine-tuning with the proposed
data generation method, we can further improve
performance, especially within the domain. On the
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In-Domain 0-Shot
Method
N@10 C@10 N@10 C@10
Base Retriever (gte-Qwen) 433 478 29.8 27.0
Prompting vs SFT vs RLVR
ToOLQP-PROMPTING 45.6 524 340 330
TooLQP-SFT 524 579 354 344
ToOLQP-RLVR 539 599 369 358
Aggregation Methods

Reciprocal Rank Fusion 509 563 354 345
Multi-view Fusion 541 60.2 37.0 355
Peak-rank 539 599 369 358

Cross-encoder (bge-gemma) 58.2 62.2 373 358

Retrieval with/without user query

TooLQP w/o user query 523 577 348 333

TOOLQP 539 599 369 358
Interactivity vs parallel expansion
TOOLQP-PARALLEL - - 353 338
TOOLQP - - 369 358

Trajectory synthesis—excluding failed attempts

TooLQP-SFT - - 353 344
excl. failed att. - - 348 340
TOOLQP-RLVR - - 369 358
excl. failed att. - - 358 348
ToOLQP-FORMAT on Similar vs Dissimilar tool format
Web* -similar - - +4.3  +6.7
Web*-dissimilar - - -123 33

Table 4: Ablation studies.

other hand, we observe that the bulk of in-domain
performance gains come from the SFT stage, while
RLVR is critical for refining the policy to achieve
optimal out-of-domain performance.

Choice of Aggregation Method. Next, we com-
pare our chosen aggregation method, the sim-
ple peak-rank fusion, to the widely-used recip-
rocal rank fusion (RRF) (Cormack et al., 2009),
and a multi-view fusion method that joins re-
trieved lists from extracted user intents (Chen
et al., 2024b). Peak-rank outperforms RRF by a
wide margin, likely by mitigating the frequency
bias for sub-tasks that require more query at-
tempts, and performs on par with the more com-
plex multi-view fusion. We also tested using the
bge-reranker-v2-gemma cross-encoder for fus-
ing the lists, useful when more compute is available,
which further boosts in-domain performance.

Importance of user query. Furthermore, we test
whether relying solely on the sub-task queries is
sufficient. We find removing that information de-
grades the performance, since decomposition may

be incomplete or erroneous, and including the orig-
inal user query could act as an anchor. We also note
that all query expansion baselines we implemented
do include the original query to achieve their best
(and reported) results.

Interactivity vs. Decomposition. To isolate the
value of decomposition from interactivity, we show
the zero-shot performance comparison of TOOLQP
versus a trained parallel version — generating plan
and sub-goals first, and then generating query for
each sub-goal in parallel. The results suggest that
the parallel version, while being more efficient (per
query), cannot train to utilize feedback or depen-
dency as effectively as the sequential version.

Trajectory Synthesis. We test whether including
failed attempts during trajectory synthesis can im-
prove the training of TOOLQP and enable stronger
error-correction behavior. We evaluate tool re-
trieval performance by comparing with a model
trained without them. We observe that the boot-
strapped SFT performance gap is much smaller
than the final RL-tuned one, which suggests failed
attempts learned from SFT help steer TOOLQP’s
error correction capabilities mainly during the RL
stage.

Format Injection for TOOLQP Training.
ToOLQP-FORMAT is tested as an extension de-
signed specifically for in-domain scenarios where
data is sufficient and inference tools follow a strict
tool format (the in-domain testing set still contains
many unseen tools). We therefore examine under
what conditions the additional format information
helps the most. For the Web* category, it is both the
largest split (16 dataset subsets) and the most het-
erogeneous, containing tools with documentation
ranging from REST API docs to python-defined
tools to free-form natural language descriptions and
differs from the schema that TOOLQP-FORMAT
was trained on. The results are shown at the bottom
of Tab. 4, where we separate out the 5 subsets with
formats similar to training, which clearly shows
that TOOLQP-FORMAT degrades when tested on
different tool schemas. Note that the difference is
measured against the base retriever. This shows
that TOOLQP-FORMAT does not generalize well
OOD, but may be quite useful in scenarios where
tool formats are guaranteed to match.
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. Runtime Compute Avg # Retrieval E2E Tool-
Method Model Size ™1y (GPU-s/q) Retr. Calls (N@10) Use (Avg)
Q2E 30B-MoE (4 GPUs)  0.76 3.03 5.0 320 487
Re-Invoke 30B-MoE (4 GPUs)  0.57 2.30 2.1 303 472
Cross-Enc 2B (1 GPU) 1.82 1.82 1.0 34.0 N/A
TOOLQP L7B(1GPU)  1.44 1.44 17 36.9 55.6

Table 5: Latency Analysis on ToolRet Zero-shot categories. Note for setting: we use 1 (or 4 for 30B) A6000 GPU,
tested on a single query input; Q2E sampling is parallel, cross-enc (bge-gemma) uses a batch size of 4.

4.5 Qualitative Analysis

Figure 2 visualizes TOOLQP discovering implicit
dependencies. The task “modify password” re-
quires a token (via GetUserToken), a prerequisite
absent from the user query. While baselines fail by
focusing solely on keywords, TOOLQP identifies
this relation and successfully retrieves the authen-
tication tool alongside the target. This highlights
TOOLQP’s capacity to uncover latent inter-tool de-
pendencies. Four additional examples taken from
the test set are analyzed in Appx. G.

4.6 Latency Analysis

Since TOOLQP operates as tool planner that per-
forms multi-step retrieval, compared to single-
shot tool retrieval we incur latency costs and re-
quire computation. Thus, to show practicality of
TooLQP, we include the following latency analy-
sis (Tab. 5) on the zero-shot ToolRet test set, com-
paring our proposed tool planner to common post-
retrieval improvement methods. While prompt-
ing baselines achieve better runtimes for a single
query (by parallelizing for Q2E), they rely on a
much larger 30B-parameter MoE model hosted on
4 GPUs due to VRAM constraints compared to
TooLQP. Additionally, when considering the total
computational costs, TOOLQP is the most efficient,
which allows for much higher concurrent system
throughput in practical scenarios. At the same time,
we achieve significantly improved tool retrieval and
end-to-end tool use performance gains.

5 Conclusion

We introduce TOOLQP, a framework that formu-
lates tool retrieval as an iterative planning process.
By decomposing instructions and leveraging inter-
active feedback, TOOLQP bridges the semantic
gap between abstract user intents and technical tool
documentation. This is enabled through a robust
training pipeline using synthetic trajectories and
RLVR. Empirically, TOOLQP outperforms state-
of-the-art baselines on ToolRet, demonstrating su-

User Query Modify password
ModifyPassword(token,old_password,new_password)

Targets

GetUserToken(username, password)

Method

Query

Top-5 Retrieved

TooLQP

dense

Q2E

Q2D

Q2p

Re-Invoke

<sub_goal> Modify a user’s
password by processing the
username and new password
inputs </sub_goal> tool for
modifying user password with
inputs username string and new

password string, password mod-

ification,
password update

modify password

tools to modify password, change

password, update password, re-
set password, password man-

agement tools, password reset

utilities, password change meth-
ods, secure password modifica-

tion tools

{"name":

"modify_password”,
"description”: "A tool to
update or change a user’s
password.”, "parameters":
{"new_password":
{"description”: "The new
password to set for the
user.”, "type": "string"},

Given a ‘password modification’
task, retrieve tools that allow
users to change their passwords
by processing the username and
new password inputs

modify password

user authentication ,

ModifyPassword,
ForgotPassword,
RegisterUser,
GetUserToken
OpenBankAccount

ModifyPassword,
ForgotPassword,
ModifyAgenda,
ModifyRegistration,
OpenBankAccount

ModifyPassword,
ForgotPassword,
ModifyAgenda,
ModifyAlarm,
OpenBankAccount

ModifyPassword,
ForgotPassword,
ModifyAgenda,
ModifyAlarm,
RegisterUser

ModifyPassword,
ForgotPassword,
ModifyAgenda,
ModifyRegistration,
OpenBankAccount
ModifyPassword,
ForgotPassword,
ModifyAlarm,
ModifyAgenda,
ModifyReminder

Figure 2: TOOLQP uncovers a latent tool dependency.

perior zero-shot generalization. Furthermore, our
analysis confirms that the learned planning policy
is highly robust, transferring effectively to unseen
retrieval models and significantly improving suc-
cess rates in downstream end-to-end agentic tasks.
Lightweight and modular, TOOLQP offers a scal-
able solution for robust agents operating over mas-
sive tool libraries.
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Limitations

Our synthetic data generation utilized a single base
retriever due to compute constraints, implicitly bi-
asing the planner to a specific embedding space;
future work should explore multi-retriever synthe-
sis to foster a more robust, agnostic policy. Simi-
larly, for the trajectory synthesis teacher model,
we went with a small gpt-4.1-mini rather than
a larger, more expensive frontier model; while
we achieved substantial performance gains, a sys-
tematic study could be beneficial. Additionally,
TooOLQP resolves inter-tool dependencies implic-
itly via interaction, whereas integrating explicit
Tool Knowledge Graphs could guide the planning
process more efficiently than trial-and-error. In
terms of scope, our framework targets massive, dy-
namic tool libraries, meaning the complexity of
iterative planning may be unnecessary for smaller
toolsets compared to direct prompting. Finally, de-
veloping an adaptive planning mechanism that dy-
namically bypasses or simplifies decomposition for
simple queries would further optimize the latency-
performance trade-off.

Ethics Statement

We used publicly available models and datasets for
training and evaluation, and did not collect data
or any personal information in this work. Self-
generated data by these public models were used to
train a generation model, which has a chance of pro-
ducing harmful or hallucinated content, even when
generation is conditioned on curated public data
inputs and filtered with ground truth targets from
public data. They could potentially be misused and
pose ethical risks typical of large language models
when deployed in real-world applications, if not
thoroughly audited.
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A Dataset Details and Licenses

We use ToolRet for tool retrieval evaluation, which
aggregates 35 previously published datasets; full
dataset statistics are documented in Shi et al.
(2025). ToolRet is licensed under Apache Li-
cense 2.0. For end-to-end tool use evaluation, we
used API-Bank (Li et al., 2023b) and StableTool-
Bench (Guo et al., 2025b), which are licensed under
MIT License and Apache License 2.0, respectively.

B Baseline Implementation Details and
Prompts

We include the implementation details for baselines
used in our evaluation in Tab. 6. We include all
prompts at the end of the appendices.

C Additional Baseline Configurations on
ToolRet

In additional to the main experimental results, we
compare TOOLQP to different re-ranking settings
and to fine-tuning with additional data. Specifically
for re-ranking, we re-rank the top-100 retrieved
tools with the same cross-encoders instead of 20.
For fine-tuning, we strengthen our baselines Q2P
and Contrastive Fine-tuning by training on the full
ToolRet training set, with 200k instances. The
results are shown in Table 7.
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Baseline Method

Base Model

Details

Prompts

Q2E (Jagerman et al., 2023) ZS/PRF Prompting

Qwen3-30B

Dense fusion of N = 5 query expan-

sions concatenated to user query.

See Figs. 8,9

Q2D (Wang et al., 2023) ZS/PRF Prompting

Qwen3-30B

Dense fusion of N = 5 query ex-

pansions (hypothetical documents) See Figs. 10, 11

concatenated to user query.

HyDE (Gao et al., 2023) ZS/PRF Prompting

Qwen3-30B

Dense fusion of N = 5 hypothetical
documents and user query.

See Figs. 10, 11

D2Q (Nogueira et al., 2019)  ZS Prompting

Qwen3-30B

Averaged embeddings of N = 10

hypothetical queries concatenated to See Fig. 12

tool documentation.

Re-Invoke (Chen et al.,

2024b) FS Prompting Qwen3-30B Same embeddings as D2Q. See Figs. 12, 13
10k ToolRet-train data; trained with
Huggingface TRL’s SFTTrainer
Q2P Supervised Fine-tuning Qwen3-1.7B with the following configurations: 3 N/A
epochs, warmup ratio 0.03, batch
size 64, learning rate 2e — 5
10k ToolRet-train data; trained with
FlagEmbedding with the following
configuration: decoder_only,
gte-Qwen/ContrastiveFT Noise-contrastive Fine-tuning gte-Qwen  train_group_size=8, N/A
learning_rate=1e-6,
num_train_epochs=2,
warmup_ratio=e.1.
Sampling temperature set to 0 for
TOOLQP-PROMPTING ZS Prompting Qwen3-30B planning and 0.5 for query genera- See Fig. 14
tion.
Table 6: Baseline details.
In-Domain Zero-Shot Transfer
Method Avg Web* Code Custom Macro-Avg
N@10 C@l10 N@10 C@10 N@10 C@l10 N@10 C@l10 N@l10 C@10
Base Retriever (gte-Qwen) 43.3 47.8 29.7 17.8 24.1 30.8 35.6 324 29.8 27.0
Re-ranking with cross-encoder (top-20)
bge-m3 494 52.5 32.7 18.5 24.7 31.6 329 30.2 30.1 26.8
bge-gemma 53.0 54.0 34.9 19.5 27.7 333 39.4 36.2 34.0 29.7
Re-ranking with cross-encoder (top-100)
bge-m3 51.3 55.5 31.0 19.5 24.2 30.7 30.9 27.5 28.7 25.9
bge-gemma 56.9 60.2 34.6 21.3 28.1 35.0 39.1 37.9 33.9 31.4
Fine-tuning (10k data on 1.5B/1.7B models)
Q2P/SFT 46.6 51.2 30.7 19.7 29.4 38.0 39.7 35.6 33.2 31.1
gte-Qwen/ContrastiveFT 57.2 61.4 29.1 18.6 26.4 329 39.2 35.5 31.5 29.0
TooOLQP-FORMAT 63.1 66.1 22.6 17.6 23.4 30.0 322 30.1 26.1 25.9
TooLQP 53.9 59.9 33.0 23.1 32.0 41.2 45.8 43.0 36.9 35.8
Fine-tuning (Full 200k ToolRet data on 1.5B/1.7B models)
Q2P/SFT 47.0 51.1 26.5 18.0 29.2 37.0 40.7 37.4 33.6 31.7
gte-Qwen/ContrastiveFT 68.2 71.5 30.4 22.4 29.8 36.5 43.5 414 34.6 33.4

Table 7: Additional results on TOOLRET. Web* denotes the zero-shot Web datasets. nDCG@10 is denoted as

N@10, and Completeness @10 is denoted as C@10.

Comparing re-ranking top-20 against top-100,
we observe that while in-domain retrieval per-
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formance are improved with the additional 5x
compute, for zero-shot generalization it instead
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https://github.com/FlagOpen/FlagEmbedding

harmed performance, and significantly underper-
forms TOOLQP. When fine-tuning on 20x the
amount of data, Q2P shows a very slight im-
provement while ConstrastiveFT shows more gains.
In domain, although it achieves the best perfor-
mance, it is much less data-efficient than TOOLQP-
FORMAT, and also much more compute-heavy with
contrastive losses instead of standard negative like-
lihood training. For generalizability, it still un-
derperforms TOOLQP trained on much less data,
further showcasing the effectiveness and efficiency
of TOOLQP.

D TooLQP Training Details

D.1 Data

For training, we subsampled the training data pro-
vided in Shi et al. (2025), which is compiled
from 3 datasets: ToolBench (Qin et al., 2024b),
ToolACE (Liu et al., 2025), and APIGen (Liu et al.,
2024b). The original training set contains roughly
200k instances, which we subsample and select
10k for data generation and training.

D.2 Query Sequence Generation

Detailed illustration of the algorithm used to gener-
ate query trajectories can be found in Alg. 1. Proba-
bility p of keeping failed attempts is set to 0.4, and
the rank threshold r is set to 5. gpt-4.1-mini is
used as the teacher model with default sampling
parameters.

In Fig. 7, we show an example query trajectory
sequence, which is used for SFT with maximum
likelihood with teacher forcing. Prompts for the
teacher model used in the described algorithm can
be found in Fig. 15 at the end of appendices.

D.3 SFT

We train TOOLQP and TOOLQP-FORMAT with
Huggingface TRL’s SFTTrainer, with the follow-
ing configurations: 3 epochs, learning rate of 2e-5,
150 warmup steps with cosine schedule, batch size
of 32, weight decay of 0.01, and a maximum se-
quence length of 16384. We include the top k = 5
retrieved tools as retrieval feedback for teacher forc-
ing.

D4 RLVR

We used the verifiers library to implement
GRPO training (Brown, 2025) since it supported
multi-step rollout and training. We use a setup

of: 500 training steps, learning rate of le-6, (ef-
fective) batch size of 256, early stopping with dev
set, warmup steps of 143, kl regularization of 0.02,
group size of 4, y set to 2, top k = 5 feedback per
turn with 10 maximum query turns.

For reward shaping, we define Rietrieval =
BinAN + p1,AR, where AN is the nDCG@5
difference between the final aggregated retrieval
from the sequence and the baseline retrieval with
Concat(q, P), and similarly defined for recall
difference AR. The format reward Reommat =
Bo,f Ry + [2,s R, consists of Ry, the fraction of
responses in correct formatting, and R, whether
rollout sequence ends in the <stop_retrieval>
(end of query generation) token. Finally, Ry, =
Sim(P, P) is the cosine similarity score between
the first turn plan prediction P and reference plan P
using an embedding model. We use gte-Qwen for
convenience. The reward weights are set to: 51, =
5.0,ﬁ1,r = 2.5,ﬁ27f = 1.5,52,5 = 0.6, 83 = 1.0.

E Details for Retriever Transfer
Evaluation

For retriever transfer evaluation, we test on 5
widely-used embedding models previously
tested on ToolRet: bge-large-en-v1.5,
e5-base-v2, e5-mistral-7b-instruct,
ToolRet-bge-large-en-v1.5 and
ToolRet-e5-base-v2, with the last two be-
ing fine-tuned versions of the first two models
using the full 200k training data in Shi et al.
(2025) by contrastive training. We also include
evaluation for the widely-used lexical retriever
BM25 (Robertson and Zaragoza, 2009). Details
for each model are provided in Tab. 8. In the main
text, we reported the averaged improvements of all
5 models for each baseline method and TOOLQP.
Additionally, we provide in Tab. 9 detailed results
for each model-method pairing for each category
in ToolRet.

F Details for End-to-end Tool Use
Evaluation

We use the official evaluation pipelines for both
API-Bank and StableToolBench. For both datasets,
we report results with the average of 3 runs.
gte-Qwen is used as the retriever, while all base-
lines are the same as previous settings. The fine-
tuned models, including TOOLQP, are tested di-
rectly on the datasets without further adaptation.
For API-Bank, level-2 is used as-is. For level-1,
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Model Reference

#Params Source

gte-Qwen2-1.5B-Instruct
bge-large-en-v1.5
ToolRet-bge-large-en-v1.5
e5-base-v2
ToolRet-e5-base-v2
e5-mistral-7b-instruct
BM25

Li et al. (2023c¢)
Xiao et al. (2023)
Shi et al. (2025)
Wang et al. (2022)
Shi et al. (2025)
Wang et al. (2024)

Robertson and Zaragoza (2009) -

1.5B Alibaba-NLP/gte-Qwen2-1.5B-instruct
335M BAAI/bge-large-en-v1.5

335M mangopy/ToolRet-trained-bge-large-en-v1.5
110M intfloat/e5-base-v2

110M mangopy/ToolRet-trained-e5-base-v2

7B intfloat/e5-mistral-7b-instruct
Pyserini (Lin et al., 2021)

Table 8: Base retriever details.

the standard evaluation is unrealistic since it gives
the list of all relevant tools used for a dialogue at
the beginning of dialogue, making it much easier
for the LLM to choose from. We therefore modify
it such that the tool list is replaced with a retrieved
top-5 list using the initial user query, which is stan-
dard in tool retrieval pipelines, including the STB
evaluation below. The tool retrieval step is forced
as a required step before the LLM acts in this case.
We report the average accuracy based on exact tool-
use correctness.

For StableToolBench, we use Qwen-30B
as the ToolEval LLM judge, and the
stabletoolbench/MirrorAPI-Cache model
as the tool simulation model. We follow the official
inference script default and set £ = 5 to include
the 5 top-retrieved tools.

G Additional Qualitative Studies

In the main text, we showed an example of
TooLQP successfully retrieving all relevant tools
and discovering implicit tool dependencies com-
pared to other methods. Here, we present four
additional examples taken from ToolRet’s test set.
Figs. 3 and 4 show examples of TOOLQP correctly
finding relevant tools by planning a single sub-
goal and generating one query. For the former,
TooLQP managed to focus on general books and
include crucial keywords such as “publication year’
and “genre” that effectively guided the retriever,
while other methods mostly retrieved Bible-related
tools due to the frequent use of the term “book”
in Bible-related tool names and documentations.
For the latter, the expansion baselines largely fail
to retrieve the correct targets as they focus on the
high-level “calculate number of trees planted” and
retrieved quite a few plant-related or calculation
tools; TOOLQP, on the other hand, accurately finds
the target tool by articulating the plan correctly
and generating queries that target such a calcula-
tion tool specifically for organizations. In Figs. 5

s

and 6, we analyze and compare TOOLQP to dif-
ferent methods on complex queries that require
more fine-grained task decomposition. In the for-
mer case, TOOLQP decomposes the user query into
two distinct sub-goals, and retrieves all three tar-
gets perfectly; most other expansion methods fail,
in comparison, and focus on tools related to the
topic “exercise” or generic video-related tools, due
to the complexity of the user query and the usage
of only one single combined query for represen-
tation; and while Re-Invoke decomposes the task
into three queries, it fails to find relevant tools for
two out of the three query attempts. For the final
example, all other expansion baselines other than
Re-Invoke retrieved only RL-related models end-
points rather than the research paper and reposito-
ries the user requested; Re-Invoke manages to find
paper-related tools (although not labeled as targets),
but fails to rank repository-searching tools high. In
comparison, TOOLQP’s sub-goals and queries are
much more detailed and targeted, and results in ac-
curate retrieval. We also note that TOOLQP spends
an extra step for the second sub-goal to confirm,
likely due to uncertainty in the feedback, using
a slight modification of the query in the previous
turn; in this case, our aggregation algorithm does
not bias towards tools that appear in more turns, as
designed, so that the top-5 are not populated with
just GitHub-related tools.
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User Query Can I have a summary of a thriller book by Dan Brown that was published in 2003?
Targets BookFinder(genre, author, year), BookSummary(book_name)

Method Query Top-5 Retrieved

TooLQP <sub_goal> Retrieve a summary of a BookSummary(book_name)

thriller book by a specified author and TopBooks (author_info, num_of_books)
publication year. </sub_goal>

W Bible-Memory-Verse-Flashcard-Search-Term-Verse-
tool for retrieving book summary by author and

Address-Summary (term1)
BookFinder(genre, author, year)
BookTitle(author, genre)

publication year , parameters: author name, pub-

lication year, category: book summary, genre :

thriller
dense Can I have a summary of a thriller book by Dan ~ BibleSearch.GetChapterbyBookName (bookName,
Brown that was published in 20037 chapterlId)
GetChapter(Book, chapter)
UncoveredTreasureVerse.verse(verse)
GetBookDetails(bookName)
CompleteStudyBible.FullChapterAPI(chapter,
translation, book)
Q2E summary of a thriller book by Dan Brown GetBookDetails(bookName)
published in 2003 BibleSearch.GetChapterbyBookName (bookName,
chapterId)
UncoveredTreasureVerse.verse(verse)
HolyBible.GetChapter(Book, chapter)
BibleSearch.GetBookByName (bookName)
Q2D {"name": "get_book_summary"”, BookSummary (book_name)
"description”: "Retrieves a summary of a GetBookDetails(bookName)
thriller book by Dan Brown pub}ished in BibleSearch.GetBookByName (bookName)
2003." , "p.arameters": .{ "book_title": BookTitle(author, genre)
{"description”: "The title of the book by ’
Dan Brown published in 2003.", "type": GetBookInformation(book_Id)
"string”}}}
Q2P Given a ‘book summary’ task, retrieve tools that ~ Lead-3(text)
extract summaries based on book title and BookSummary (book_name)

publication year by processing these inputs to

provide the requested information. S D I O P

find_page_number ()
SearchTerm.ChapterAddressSummary (first_book,
second_book, terml)

Re-Invoke summarize a thriller book by Dan Brown published BookInspector ()

in 2003 find_page_number()

generateThrillerPlot(protagonist, antagonist)
IdentifyBook(title)
FindBook(title)

Figure 3: Retrieval comparison for example taken from ToolRet’s test set.
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User Query An environmental agency examined how many trees were planted by different organizations. In all, how many trees
were planted by Let it Grow and Heal the Earth?

Targets calculate_total_items_for_organizations(df, organization_col, item_count_col,
organization_list)

Method Query Top-5 Retrieved

TooLQP  <sub_goal> Calculate the total number of calculate_total_items_for_organizations(df,
trees planted by specific organizations organization_col, item_count_col,
by processing the organization names as organization_list)
inputs. </sub_goal> calculate_num_trees(yard_length,
tool to calculate total number of trees planted distance_between_trees)
by specific organizations, input parameters: count_trees(leaves, threshold)
organization names , output: total tree count, cate- count_gardens(plants)
gory: environmental data, tree planting statistics  count_leaves_1_to_7(plot)

dense An environmental agency examined how many IndoorPlants()
trees were planted by different organizations. In all, p1antRecommender ()
how many trees were planted by Let it Grow and . 1cylate num trees (yard_length

Heal the Earth? distance_between_trees)
GetAllPlants()
count_gardens(plants)

Q2E Total number of trees planted by Let it Grow and calculate_num_trees(yard_length,

Heal the Earth combined distance_between_trees)
IndoorPlants()
CarbonFootprint_TreeEquivalent(weight, unit)
PlantRecommender ()
count_gardens(plants)

Q2D {"name": "sum_trees_planted”, calculate_num_trees(yard_length,

"description”: "Calculates the total distance_between_trees)

number of trees planted by two specified calculate_sum(numl, num2)

organizations.”, "parameters”: CarbonFootprint_TreeEquivalent(weight, unit)

{"organization1”: {"description”: "The lculateSum(numl, num2)

name of the first organization.”, "type": caed . ) .

"string”}, "organization2”: treeequivalent(weight, unit)

{"description”: "The name of the second

organization."”, "type": "string"}}}

Q2P Given a ‘tree planting query’, retrieve tools that can CharityTool()

provide the number of trees planted by specific PlantRecommender ()

organizations by processing the organization name cotal1plants O

as input.

calculate_total_items_for_organizations(df,
organization_col, item_count_col,
organization_list)
calculate_num_trees(yard_length,
distance_between_trees)
Re-Invoke determine the total number of trees planted by Let calculate_num_trees(yard_length,
it Grow distance_between_trees)
CarbonFootprint_TreeEquivalent(weight, unit)
determine the total number of trees planted by Heal count_gardens(plants)
the Earth calculate_total_germination_rate(seeds_1, seeds_2,
germination_rate_1, germination_rate_2)
calculate the combined total number of trees planted casel_count()
by Let it Grow and Heal the Earth

Figure 4: Retrieval comparison for example taken from ToolRet’s test set.

42137



User Query 1have an article about the benefits of daily exercise. I want to rewrite the article to make it unique, expand the
content to include more detailed descriptions, and find a related video. Here’s the original article text: ‘Regular
exercise is essential for maintaining physical and mental health. It can improve mood, increase energy levels, and

help prevent various diseases.’

Targets ArticleSpinner(text), TextExpander(text), VideoSearch(text)
Method Query Top-5 Retrieved
ToOLQP <sub_goal> Rewrite and expand article ArticleSpinner(text)
content based on the original article VideoSummarizeTool (1ink)
text</sub_gf3§l> . . VideoSearch(text)
tool for rewriting and expanding article content,
input: article text string, output: rewritten and ex- 1€XtExpander(text)
panded unique article text, content rewriting, article TextParaphraser(text)
expansion, text processing
<sub_goal> Find related videos based on
the article content. </sub_goal>
tool for finding related videos based on article con-
tent, input: article text string, output: related video
list, video retrieval, content-based video search, ar-
ticle content video linking
dense I have an article about the benefits of daily exercise. exercise.video_library(category, difficulty_level)
I want to rewrite the article to make it unique, Planfit()
expand the content to include more detailed getAllExercises()
de‘sc.rlptlon‘s, and ﬁn(} arelated Vlde‘O. Here S the getExerciseDetails(id)
original article text: "Regular exercise is essential . .
for maintaining physical and mental health. It can vi_exercises(offset, muscle, type, difficulty, name)
improve mood, increase energy levels, and help
prevent various diseases.’
Q2E Rewrite and expand the article on the benefits of  exercise.video_library(category, difficulty_level)
daily exercise with detailed descriptions, and find a planfit()
relevant educational video on the topic. VideoSummarizeTool (1ink)
video_highlight(link)
getAllExercises()
Q2D {"name": "rewrite_and_enhance_content”, exercise.video_library(category, difficulty_level)
"description”: "Rewrites the provided Planfit()
article tg make iJ,C unique, gxpgnds the video_highlight(link)
(;ontent with detalleq descriptions, and VideoSpeedChanger (video, text)
includes a related video . . .
recommendation.”, "parameters”: getExerciseDetails(id)
{"original_text": {"description”: "The
original article text about the benefits
of daily exercise.”, "type"”: "string"}}}
Q2P Given a ‘content rewriting and video search’ task, exercise.video_library(category, difficulty_level)
retrieve tools that can rewrite and expand text ArticleSpinner(text)
content while also finding related videos based on sl dilie L
the given topic and context. The tools should N
process the original article text and return the Planfit()
rewritten content and a list of related videos. VideoSummarizeTool (1ink)
Re-Invoke rewrite the article about the benefits of daily exer- DescribeEnvironmentAndActivityBenefits(image_patch)

cise to make it unique
expand the article with more detailed descriptions

find a related video to accompany the article

YouTube_v3.v3_Search(part)

TextExpander (text)
inquire_benefits_of_activity(activity, group)
play_youtube_video(video_id)

Figure 5: Retrieval comparison for example taken from ToolRet’s test set.
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User Query 1 need resources for understanding "reinforcement learning" techniques, can you suggest some research papers and

Targets

GitHub repositories?
ResearchFinder, RepoTool

Method

Query

Top-5 Retrieved

TooLQP

dense

Q2E

Q2D

Q2P

Re-Invoke

<sub_goal> Retrieve research papers
related to a specific topic by processing
the topic as input.</sub_goal>

tool for retrieving research papers related to a spe-
cific topic, input topic string, output research papers,
academic, paper database, paper search, literature
retrieval

<sub_goal> Suggest GitHub repositories
related to a specific topic by processing
the topic as input. </sub_goal>

tool for suggesting GitHub repositories related to a
specific topic, input topic string, output GitHub
repositories, repository search, code repository,
GitHub API, research resources

tool for suggesting GitHub repositories related to
a specific topic, input topic string, output GitHub
repositories, GitHub API, repository search, code
repository, research resources

I need resources for understanding "reinforcement
learning" techniques, can you suggest some
research papers and GitHub repositories?

research papers on reinforcement learning
techniques, GitHub repositories for reinforcement
learning, open-source reinforcement learnin g
projects, academic papers on RL algorithms, best
reinforcement learning implementations on GitHub

{"name": "research_and_code_resources”,
"description”: "A tool that suggests key
research papers and GitHub repositories
for understanding reinforcement learning
techniques.”, "parameters”: {"topic":
{"description”: "The specific topic
within reinforcement learning to focus
on, such as ’Q-learning’, ’deep
reinforcement learning’, ’policy
gradients’, etc.”,"type": "string"}}}
Given a ‘research resource retrieval’ task, retrieve
tools that can provide research papers and GitHub
repositories related to a specific topic, such as
"reinforcement learning," by processing the topic
input and returning relevant resources.

find research papers on reinforcement learning tech-
niques

find GitHub repositories related to reinforcement
learning techniques

sb3/dgn-Acrobot-v1
RepoTool
ppo-BreakoutNoFrameskip-v4
GitHub
ResearchFinder

ppo-BreakoutNoFrameskip-v4
ppo-PongNoFrameskip-v4
ppo-Pendulum-v1
sb3/ppo-CartPole-v1
sb3/dgn-MountainCar-ve
ppo-PongNoFrameskip-v4
ppo-BreakoutNoFrameskip-v4
ppo-Pendulum-v1
sb3/ppo-CartPole-v1
sb3/dgn-Acrobot-v1
ppo-Pendulum-v1
ppo-PongNoFrameskip-v4
ppo-BreakoutNoFrameskip-v4
sb3/ppo-CartPole-vi
sb3/dgn-Acrobot-v1

ppo-Pendulum-v1
ppo-PongNoFrameskip-v4
ppo-BreakoutNoFrameskip-v4
sb3/ppo-CartPole-v1
sb3/dgn-MountainCar-vo
ppo-Pendulum-v1

ArxivSearch.get_arxiv_article_information(query)

ppo-BreakoutNoFrameskip-v4
PaperAnalyzer
ppo-seals-CartPole-v0

Figure 6: Retrieval comparison for example taken from ToolRet’s test set.
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In-Domain Zero-Shot Transfer

Method Avg Web* Code Custom Macro-Avg
N@l0 C@l0 N@10 C@l0 N@l0 C@l0 N@l0 C@l0 N@10 C@l0
BM25 39.2 409 19.8 124 207 266 255 237 220 209
Q2E/ZS 420 446 209 139 236 314 302 309 249 254
Q2P/SFT 41.8 447 19.7 13.1 225 304 305 290 242 242
D2Q 409 422 200 127 237 296 205 18.1 214  20.1
Re-Invoke 441 471 210 139 237 305 275 263 241 236
TOOLQP-FORMAT 532 553 17.8 131 227 322 320 314 242 255
TooLQP 475 520 223 161 253 342 41.0 386 295 29.6
bge-large 425 455 19.7 135 206 260 240 234 214 210
Q2E/ZS 47.0 505 212 140 241 311 285 278 246 243
Q2P/SFT 459  49.1 176  13.0 225 290 347 359 249 259
D2Q 47.1 495 225 16.7 231 288 275 258 243 238
Re-Invoke 521 568 254 196 250 325 342 330 282 284
ToOLQP-FORMAT 56.7 59.5 19.6 146 238 31.8 305 302 246 255
TooLQP 524 563 219 163 266 341 38.0 372 289 292
ToolRet-bge-large 528 543 254 188 21.0 268 395 364 287 273
Q2E/ZS 54.1 564  25.6 190 247 299 406 37.1 30.3 287
Q2P/SFT 52.8  56.1 18.6 139 225 297 386 364 266 26.6
D2Q 587 616 280 186 276 339 382 348 313 29.1
Re-Invoke 584 635 283 210 283 372 391 349 319 310
TOOLQP-FORMAT 57.7  62.1 19.8 169 254 343  35.1 352 268 288
TooLQP 564 608 218 174 280 360 405 391 30.1 308
e5-mistral-7b 459 499 221 149 179 243 320 298 240 230
Q2E/ZS 47.1 512 221 153 210 283 357 356 263 264
Q2P/SFT 50.8 545 234 174 293 381 413 375 313 310
D2Q 529 559 238 162 270 339 292 270 267 257
Re-Invoke 545 60.1  26.2 184 281 359 378 332 30.7 29.1
TOOLQP-FORMAT 59.1 633 215 178 315 423 362 350 297 317
TooLQP 556 605 244 199 338 448 433 392 339 346
e5-base 46.1  48.7 147  10.1 146 179 230 220 174 167
Q2E/ZS 47.0 498 154 10.9 173 214 246 247 19.1 19.0
Q2P/SFT 482 51.0 145 113 175 224 288 298 203 212
D2Q 484 503 19.7 13.8 225 283 237 230 220 217
Re-Invoke 514 564 220 161 214 273 325 302 253 245
ToOLQP-FORMAT 60.1 606 139 12.7 180 232 240 259 186  20.6
TooLQP 522 551 170 132 215 275 319 324 235 244
ToolRet-e5-base 604 635 245 17.6 183 229 382 370 27.0 258
Q2E/ZS 60.5 636 253 193 225  30.1 394 384 29.1 29.3
Q2P/SFT 572  60.7 221 164 202 279 370 384 264 27.6
D2Q 576 612 252 178 261 325 334 323 282 275
Re-Invoke 576 627 25,6 185 251 320 351 330 286 2738
TOOLQP-FORMAT 61.3 644 212 172 239 319 346 348 265 28.0
TooLQP 593 631 230 195 252 334 399 380 294 303

Table 9: Retriever transfer results on TOOLRET. TOOLQP is trained on gte-qwen-generated data, and used out-of-
the-box directly with various retrievers at inference time. Web* denotes the zero-shot Web datasets (excluding the
in-domain training sources).
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Role Message

System You are a Multi-Turn Tool Retrieval Planner, an expert Al assistant that deconstructs a user’s query into a logical
plan and then executes that plan to find the best tools.
You must perform one of the following:
- To create the initial plan, you must output a <task_breakdown> block followed by a <sub_goals> block on the
next line.
- To execute your plan, you must output a single functional search query in a <query>block.
- To end the retrieval process, you must output the <stop_retrieval> tag when you have found tools for all
sub-goals.

User User query: I’'m planning a beach vacation with my friends and I need information about hotels in Cancun. Can
you suggest some hotels in Cancun with a beachfront location, all-inclusive meal plan, and water sports facilities?
Also, provide me with the hotel details and guest reviews. Additionally, I would like to know the cancellation
probability of a flight from Los Angeles to Cancun on June 30, 2024, operated by American Airlines, flight number
AAS567.

Assistant <task_breakdown>
Given a ‘travel accommodation and flight information’ task, retrieve tools that can suggest hotels based on location,
amenities, meal plans, and guest reviews, as well as tools that provide the cancellation probability for a specific
flight by processing parameters such as region, check-in/out dates, number of adults, desired amenities, flight
details, and dates. The tools should return hotel suggestions with detailed information and reviews, as well as the
cancellation probability for the specified flight.
</task_breakdown>
<sub_goals>
["Suggest hotels based on location, amenities, meal plans, and guest reviews."”, "Retrieve
hotel suggestions with detailed information and guest reviews based on location, amenities,
meal plans, and check-in/out dates.”, "Provide the cancellation probability for a specific
flight based on flight details and dates.”]
</sub_goals>

User Begin retrieval.

Assistant hotels by filter domain string region_id int check_in date check_out date adults int children int amenities array
meal_plan beachfront water_sports all-inclusive accessibility boolean available only

User System retrieved tools for previous query: {formatted_retrieval_results}

Assistant hotel suggestion tool with detailed hotel information and guest reviews filters region date_range amenities
beachfront all-inclusive meal_plan water_sports

User System retrieved tools for previous query: {formatted_retrieval_results}

Assistant flight cancellation probability flight_number string airline string origin string destination string flight_date date

User System retrieved tools for previous query: {formatted_retrieval_results}

Assistant <stop_retrieval>

Figure 7: Training (SFT) example for TOOLQP.

You are an expert Al assistant. Your task is to search for a specific set of “Tools’ that can be used to successfully solve
the user’s query. Given a user query, you should rewrite it into a search query for a dense retrieval system that covers all
possible tools that can be used to solve this query. Your output should contain the rewritten search query only without any
intermediate output.

User Query: {query}

Figure 8: Prompt for the Q2E/ZS baseline.

You are an expert Al assistant. Your task is to search for a specific set of “Tools’ that can be used to successfully solve the
user’s query. Given a user query and possibly relevant context, you should rewrite it into a search query for a dense retrieval
system that covers all possible tools that can be used to solve this query. Your output should contain the rewritten search
query only without any intermediate output.

Context:
{prf_context}
User Query: {query}

Figure 9: Prompt for the Q2E/PRF baseline.
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You are an expert Al assistant. Your task is to create a “Tool’ that can be used to successfully solve the user’s query. Given a
user query, you should consider all tools that are needed to solve this query, and output one of them. Your output should
contain a single tool in JSON format. An example tool is in this format: {"name”: "tool name"”, "description”: "tool
description.”, "parameters”: {"parameter a": {"description”: "parameter a description.”, "type”:
"parameter a type"}}}

User Query: {query}

Figure 10: Prompt for the Q2D/ZS and HyDE/ZS baselines.

You are an expert Al assistant. Your task is to create a “Tool’ that can be used to successfully solve the user’s query. Given a
user query and possibly relevant context, you should consider a 1l tools that are needed to solve this query, and output one of
them. Your output should contain a single tool in JSON format.

Context:
{prf_context}
User Query: {query}

Figure 11: Prompt for the Q2D/PRF and HyDE/PRF baselines.

Suppose you are an assistant and you have access to the following API to answer user’s queries. You are provided with a tool
and its available API function including the description and parameters.

Your task is to generate a possible user query that can be handled by the API.

You must include the input parameters required in the API call. Please be creative and generate random but specific
information for the required parameters. Now you are given the API documentation below:

{tool_documentation}

Please generate a user query that you will need to call this tool. Note the generated query should be complex enough to
describe the scenarios that you will need to call the provided API to address them.

The relevant query is:

Figure 12: Prompt for the D2Q/ZS and Re-Invoke baselines.
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**Instructions**

Suppose you are a query analyzer and your task is to extract the underlying user intents from the input query. You should
preserve all the underlying user request and the extracted user intents should be easily understood without extra context
information. You should carefully read the given user query to understand its different intents. Then identify what are the
specific intents. Each individual intent should be separated by a newline.

Here are some examples of how you should solve the task.

**Example**

Query: I'm planning to travel to Paris next weekend to visit my family, could you help me book a round trip flight ticket? I
want to fly in economy class.

Intent:

book a round-trip flight ticket in economy class to Paris next weekend

Query: I'm a potential buyer looking for a condominium in the city of Miami. I am specifically interested in properties that
have a minimum of two bathrooms. It should have walkable distance to the grocery stores.

Intent:

buy a real estate in Miami with a minimum of two bathrooms and walkable distance to the grocery stores

Query: I want to learn Spanish by talking to the native speakers at any time. Additionally, can you recommend some
interesting books, preferably fictions, so that I can learn by reading? Also include the websites that I can buy them.

Intent:

learn Spanish by talking to the native speakers

recommend fictions to learn Spanish by reading

suggest the websites to buy Spanish fictions

**Begin!**
Query: {query}
Intent:

Figure 13: Prompt for the Re-Invoke baseline, for extracting user intents.

1st Turn

You are an expert Al Planner. Your goal is to find the best tools to solve a user’s query by interacting with a tool retrieval
system. You will be given the user’s query.

For the first turn, you should deconstruct the user’s query into a logical plan that you can follow to retrieve the correct tools
by extracting the underlying user intents from the input query. You should preserve all the underlying user request and the
extracted user intents should be easily understood without extra context information. You should carefully read the given
user query to understand its different intents. Then identify what the specific intents are.

From the second turn on, you must generate a search query that targets an individual intent from the intents you extracted.
Do not use any tags or formatting, any text you output will be used as the search query. A good tool query is a descriptive
‘functional query’ that captures the tool’s purpose, possibly including likely parameter names (e.g., ‘city: string’), categories,
or library types to aid retrieval, but not specific filled-in parameter values (e.g. ‘city: Chicago’) that may harm retrieval. To
end the retrieval process, you must output the<stop_retrieval> tag without any other text when you have found the best
tools for all intents.

User Query: {query}. Breakdown of user’s intents:

2nd Turn

Next search query (or <stop_retrieval> if best tools found for all intents):

3rd Turn+ (Retrieval Feedback)

System retrieved tools for previous query:
{formatted_retrieved_results}

Figure 14: Prompt for the TOOLQP-PROMPTING ablation study.
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Sub-task Extraction Prompt

You are an Al assistant that extracts key tasks. Given a high-level task breakdown and a specific target tool, extract the single,
concise semantic goal from the breakdown that corresponds to that tool. Do not invent new goals that do not exist in the
breakdown. Your output should be one single sentence or phrase, and not just keywords.

Task breakdown: {natural_language_plan}.

Target tool name: {tool_name}.

Plan Alignment Prompt

You are an expert planner. Your task is to analyze a user query, a task breakdown, and a list of available tools, then determine
the correct sequential order to call the tools to solve the user’s request.

**Instructions: **

1. Read the User Query and Task Breakdown to understand the user’s multi-step goal.

2. Examine the ‘Unordered Tools with Descriptions’ to understand what each tool does.

3. Create a logical, step-by-step plan by ordering the provided tool names. The order should reflect the sequence of operations
needed to fulfill the user’s query from start to finish.

4. Your output MUST be a single, valid JSON list of tool names, and nothing else. The output list length must be equal to the
number of tools in the given unordered list, with each tool appearing once only.

**[USER INPUT]**

User Query: {query}

Task Breakdown: {task_breakdown}
Unordered Tools with Descriptions: {tools}

**[YOUR CORRECT OUTPUT]**

Query Generation Prompt

You are an expert Al Planner. Your goal is to find the best tools to solve a user’s query by interacting with a tool retrieval
system. You will be given the user’s query and an initial Task Breakdown that serves as your high-level plan. For each step,
you must generate a search query in a <query> tag. Do not use any other tags such as <tool_call> or <reasoning> or
<think>. A good tool query is a descriptive *functional query’ that captures the tool’s purpose, possibly including likely
parameter names (e.g., ‘city: string’), categories, or library types to aid retrieval, but not specific filled-in parameter values
(e.g. ’city: Chicago’) that may harm retrieval.

[Overall User Goal]: {query}

[Your Overall Plan]: {natural_language_plan}
[Previously Completed Steps]:

[Step {i}]

Goal: "{goal}"

Successful Query: "{search_query}"

{tool_context}

[Instruction]: Write the functional query within a <query></query> tag (e.g., ‘<query>your functional query</query>’).

AddMorelnfo (1st attempt)

[Goal For Your Current Step]: Find a tool for "{semantic_goal}"
Task to focus on: craft a functional query to retrieve a tool that can address the current step goal. You can include information
or keywords from the goal in your functional query

AddMorelnfo (2nd attempt)

We should look for a tool with this description: "{tool_description}"

AddMorelnfo (3rd attempt)

Previously retrieved with query "{search_query}", here’s the retrieved tools:
{retrieval_results}

AddMorelnfo (4th attempt)

Previously retrieved with query "{search_query}", tools: {retrieval_results}
Previously retrieved with query "{search_query+natural_language_plan}", tools: {retrieval_results}

AddMorelnfo (5th attempt)

Hint: Full Target Tool Info: {json.dumps(tool_documentation_without_toolname)}.
Include information from ’description’ and relevant parameter names in the functional query.

Figure 15: Prompts for data generation for training TOOLQP.
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