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Abstract—Large language models (LLMs) are becoming the
centerpiece in the design and deployment of Agentic artificial
intelligence (AI) systems. AI agents typically have (a) reason-
ing ability to analyze and think through the given task, (b)
context/memory to remember things in the short-term and long-
term, and (c) fools at their disposal to interact with the outside
world. While solving the given task, it must decide whether tool
use is required; if so, it must then select the appropriate tool
and invoke it with the correct parameters. Although LLMs have
advanced considerably in recent years, their tool-use capabilities
remain limited. Even OpenAI’s most capable model to date, GPT-
5, continues to struggle with reliable tool usage. In this paper,
we propose TacTool, which empowers Al agents with improved
tool selection and tool call formulation using different LLMs.
We conduct experiments using Nestful and Berkeley Function
Calling Leaderboard version 3 (BFCLv3) benchmarks and show
that TacTool achieves ~27% and ~3% improvement over GPT-
40 on Nestful and BFCL v3 dataset, respectively.

Index Terms—Generative AL, Large Language Models, Agentic
Al Systems, Tool Usage

I. INTRODUCTION

Large language models (LLMs) have rapidly become the
foundation of modern agentic Al systems, powering diverse
applications in healthcare, education, retail, and more. Fig. 1
shows a high-level view of an agentic Al system. Agents built
on such systems integrate LLMs, tools, and memory to au-
tonomously solve a wide range of user queries. A crucial factor
in their effectiveness is the ability to invoke external tools, such
as third-party REST APIs, database functions, and custom
user-defined functions. Tool use allows agents to access real-
time information and perform specialized computations. Given
the central role of tools in agentic Al systems, Anthropic
recently introduced the Model Context Protocol (MCP) [1], a
standardized framework that streamlines connecting external
tools to Al agents.

Despite tool calling being natively supported in most recent
LLMs (e.g., GPT-40), reliably deciding when to use a tool,
which tool to call, and how to formulate the call, remains a
significant challenge. Benchmarks such as Nestful [2], Berke-
ley Function-Calling Leaderboard (BFCL) [3], 72-Bench [4],
ACEBench [5], and many others [6]-[10], highlight that
even state-of-the-art models exhibit errors in tool usage, tool
selection, sequencing, and argument construction.
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Figure 1: High-level view of Agentic Al System

Recent studies [11]-[13] have shown that accurate tool
use critically depends on two intertwined abilities: reasoning
about whether and how a tool is needed, and generating
the corresponding function call correctly '. However, current
LLMs rarely excel at both. For example, generic models
such as GPT-4o0 achieve relatively strong tool-call formation
but fall short in complex reasoning, often omitting fine-
grained details necessary for accurate argument selection. In
contrast, reasoning-oriented models such as 03, 04-mini, and
DeepSeek-R1 exhibit strong deductive capabilities but struggle
with reliable function-call construction. In many cases, they
default to answering from memory rather than invoking the
appropriate tools to retrieve accurate, real-time information.
This mismatch suggests an opportunity: instead of relying on
a single model, we can strategically combine complementary
strengths across multiple LLMs.

In this paper, we introduce TacTool, a method for improv-
ing the accuracy of tool selection and invocation. TacTool
decouples the reasoning and tool-calling stages, leveraging
the strong reasoning capabilities of models such as 03 and
DeepSeek-R1 while mitigating their weaknesses in function-
call construction. Furthermore, TacTool exploits the comple-
mentary strengths of reasoning-oriented and general-purpose
LLMs in making correct tool calls (see Section III). Our
approach requires no model fine-tuning and instead relies on
tactical coordination among multiple LLMs.

Our key contributions in this paper are as follows:

« We propose a novel method to tactically divide the tool

usage problem into reasoning and tool-calling responsi-
bilities, and then leverage different LLMs for effective

IThroughout this paper we use ‘tool-call’ and ‘“function-call’ interchange-
ably.



tool handling by agents in an agentic Al system.

o We evaluate TacTool on Nestful and BFCLv3 benchmarks
and demonstrate that TacTool is consistently better than
GPT-40 (improvement of ~27% and ~3% on Nestful and
BFCLv3, respectively), unlike GPT-5 which is better than
TacTool on Nestful, but worse than GPT-40 on BFCLv3.

The rest of the paper is organized as follows. We discuss
related work in Section II and show the motivation for TacTool
in Section III. We present details of the design and implemen-
tation of TacTool in Section IV. Then, in Section V, we report
our experimental results and conclude in Section VI.

II. RELATED WORK

Early work on LLM tool calling focused on training models
to invoke tools [14]. With rapid advances in LLMs and
standardized tool interfaces [1], modern models can now op-
erate unseen tools, although imperfectly. This section reviews
approaches that enhance LLM tool-calling, grouped into: (a)
hierarchical tool categorization, (b) improved documentation,
(c) reasoning-based prompting and verification, and (d) sepa-
ration of reasoning and execution.

Hierarchical categorization. AnyTool [15] and ToolR-
erank [16] leverage predefined API categories from Rapi-
dAPI [17] for accurate tool selection. AnyTool uses hierarchi-
cal agents with self-reflection feedback to iteratively improve
tool calls, while ToolRerank applies hierarchy-aware reranking
for better selection. Such methods work well for large tool
pools but rely on well-defined categories, which may not
always exist.

Documentation enhancement. EasyTool [18] automatically
refines tool descriptions, improving both accuracy and token
efficiency. DRAFT [19] extends this idea through iterative self-
reflection, achieving higher accuracy across models. Note that
better tool documentation directly improves the tool calling
accuracy.

Reasoning-based prompting. Recent studies combine
reasoning-oriented prompts and fine-tuning to boost perfor-
mance. Chain-of-Thought (CoT) [20] enables stepwise rea-
soning; ReAct [21] and DFSDT [22] extend this with action-
based and search-based frameworks for higher accuracy but
greater token cost. ToolLLM [22] fine-tunes on DFSDT
paths for improved accuracy, while Divide-then-Aggregate
(DTA) [23] reduces token usage via DAG-based paralleliza-
tion. ARTIST [12] employs reinforcement learning for multi-
turn improvement. Xu et al. [24] estimate model knowledge
boundaries to reduce unnecessary tool calls.

Decoupled reasoning and execution. Zhang [25] separates
reasoning and tool-calling agents, fine-tuning the reasoner
via reinforcement learning for better coordination. ToolACE-
R [26] uses self-refinement to enhance reasoning and fine-tune
response generation.

Most existing approaches depend on fine-tuning, which
demands labeled data and significant computation. In contrast,
TacTool requires no fine-tuning and flexibly integrates outputs
from different LLMs, adapting seamlessly as newer models
emerge.

Incorrect using GPT-40
but correct using 03
104

Incorrect using o3
but correct using GPT-40
160

(@) (b)

Figure 2: (a) Venn diagram representing correct (green) and incorrect
(red) responses for (a) GPT-40 and (b) 03 on selected categories
of BFCLv3 dataset. Overlap (yellow) represent the cases answered
incorrectly by (a) GPT-40 and (b) 03 but correctly answered by (a)
03 and (b) GPT-4o, respectively. Highlighting their complementary
nature.

Table I: Comparing scores of reasoning and general-purpose
models on four categories from BFCLvV3.

Model Catelgory—wise accuracy (%)

. ive_ . live_

simple simple multiple multiple

03-2025-04-16-FC 91 78.2 88.5 75.1
04-mini-2025-04-16-FC 91.2 77.1 86 75.5
gpt-40-2024-11-20-FC 92.7 81 92.5 78.5
gpt-4.1-2025-04-14-FC 93.5 79.4 90.5 77.7
gpt-4.1-mini-2025-04-14-FC | 92.2 80.6 92.5 78.4

III. MOTIVATION

In this section, we examine the limitations of general-
purpose and reasoning LLMs for tool calling and highlight
how tactical usage of both can be advantageous.

We compare general-purpose models (e.g., GPT-4 series)
with reasoning models (e.g., OpenAI’s “0” series) on tool
selection and execution. As shown in Table I, general-purpose
models (GPT-40, GPT-4.1, GPT-4.1-mini) consistently outper-
form reasoning models across BFCLv3’s simple, live_simple,
multiple, and live_multiple categories (1911 samples). This
trend persists across providers (e.g., DeepSeek) and bench-
marks [5], suggesting reasoning models are often less effective
for straightforward tool calls. For instance, when asked for a
lesser-known person’s birthday, o3 relied on memory, while
GPT-40 correctly queried the database.

However, this gap is not absolute. Figure 2a shows that
some GPT-4o failures are correctly handled by 03, and vice
versa (Figure 2b), revealing complementary error patterns.
In detail-oriented tasks such as retrieving an employee’s
professional experiences with the multi-purpose tool expe-
riences_and_education, which requires boolean arguments
include_experiences and include_education, generic LLMs
often overlook finer details. For example, 03 correctly sets
include_experiences to true and include_education to false,
whereas GPT-40 fails to do so. This advantage can be at-
tributed to 03’s stronger reasoning and planning abilities.

When a reasoning model first outlines a problem-solving
approach and its explanation is then provided to a general-
purpose model along with tool options, the latter produces
results that surpass both standalone models. TacTool leverages
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Figure 3: TacTool System Architecture

this insight to construct an enhanced, hybrid tool-calling
pipeline for AI agents.

IV. DESIGN AND IMPLEMENTATION

In this section, we first present details of the design and
implementation of TacTool and then we also discuss another
voting-based strategy to improve accuracy of tool usage in
agentic Al systems.

A. TacTool

Our observations that (i) providing a reasoning model’s
(e.g., 04-mini) plan to a generic LLM (e.g., GPT-40) during
tool use improves accuracy, and (ii) reasoning and generic
models offer complementary strengths, motivated a system
design that leverages both while mitigating their weaknesses.

Figure 3 shows TacTool’s architecture. Upon receiving a
user query, two execution paths run in parallel: (1) a generic
LLM (e.g., GPT-40) selects and executes tool calls to produce
the answer, and (2) a reasoning LLM (e.g., o4-mini) analyzes
the query and generates a logical plan using available tools,
without executing the calls. The prompt used in this reasoning
step is as follows:

Concisely explain the process for solving the
problem using the given tools. Problem:{question}.
Given tools: {tools}

Next, the reasoning model’s plan is passed to a generic
LLM, which uses it to execute the tool call with the appropriate
arguments. The LLM prompt used is as follows:

Here is the process to solve the problem:
{output — of — reasoner}

Return a tool call string WITHOUT any
explanation.

Splitting the process in this manner increases the likeli-
hood of correct tool usage. Because LLM outputs are non-
deterministic, TacTool incorporates a response selection mod-
ule to identify the most plausible answer from the two parallel
paths. If one path fails due to a tool-call error, its output is
discarded; if both fail, TacTool returns a reasoned fallback
response. When both paths succeed, the module uses an LLM-
as-a-judge approach to select the final answer. The prompt for
this step is as follows:

You are very good at reasoning. You will be
given a question and two possible answers for
it. Select the best answer among the two.

Table II: Nestful results (‘]” = lower is better, ‘7" = higher is
better).

Method/Model | Logic (%) | | Format (%) | | Correct (%) T
gpt-4o 40.2 7.2 52.6
Voting 36.5 3.8 59.7
04-mini 21.5 7.8 70.7
ReAct 30.6 11.1 58.3
DFSDT 27.5 10.3 62.2
TacTool 20.8 0.2 79.0

Problem: {question}

First answer (A): {answer — 1}

Second Answer (B): {answer — 2}

Return only the correct selection with an upper
case A or B without any reasoning content.

The most plausible correct answer selected by the response
selection module goes back to the agent and finally to the user.

B. Voting

Different LLMs have complementary strengths and bi-
ases, producing varied outputs. The voting method aggre-
gates toolcalls™*t from n LLMs, where toolcalls[i] =
[toolcally, . .. toolcalls] and each toolcall has keys ‘name’
and 'args’. For each call, the most-voted tool and arguments
are selected, repeating ¢ times.

For tasks with multiple valid sequences (eg. Nestful bench-
mark [2]), we instead use an LLM-judge, prompted with the
user query, tool calls from all LLMs, and function descriptions.

Evaluate which function call (s) best match the
given prompt.

Given the prompt: {usa;guesﬁon}, and the returned
function calls:

Model 1 function calls: {modell_toolcall}

Model n function calls: {modeln_toolcall}

Identify the correct call(s) and parameters. You
may mix and match parameters from the provided
calls, but do not create any new information.
Base your decision on weighted voting of function
names and parameters, ensuring syntactic and
logical correctness.

Function descriptions: {function_descriptions}.
Return only the correct function call(s) and
parameters in valid JSON format. No explanations,
no extra characters, and do not modify any
function or parameter names.

V. EXPERIMENTAL RESULTS

We evaluate TacTool on two tool-calling benchmarks: Nest-
ful [2] and Berkeley Function Calling Leaderboard v3 (BF-
CLv3) [3]. Nestful measures nested tool use in math and
programming (1861 problems), while BFCLv3 includes ten
tool-use categories totaling 2501 problems.

Baselines. We compare TacTool with ReAct [21],
DFSDT [22], GPT-40, o4-mini (Nestful onlyz), and a voting
ensemble (GPT-40, GPT-4.1, GPT-4.1-mini; see Section IV-B).

2BFCLv3 does not support parallel tool calling with o4-mini, hence
skipped.



Table III: BFCLv3 results (‘]” = lower is better, ‘1" = higher is better).

Method/Model | Logic (%) | | Format (%) | Accuracy (%) 1 across BFCLV3 categories [ Avg. T
gpt-4o 16.9 1.0 927 810 925 812 850 79.1 925 785 650 740 82.1
Voting 17.9 0.0 942 84.1 915 750 89.0 750 93.0 802 67.0 720 82.1
ReAct 18.7 0.7 935 833 945 812 865 79.1 915 733 650 58.0 80.6
DFSDT 62.0 1.0 520 368 375 375 220 333 48.0 385 27.0 260 37.0
TacTool 14.2 0.4 972 895 910 875 895 833 945 796 640 78.0 854
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VI. CONCLUSION
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we show that even the most capable LLMs, e.g. GPT-5 are
not adept at using tools properly in a consistent manner. To
overcome this problem, in this paper, we propose TacTool,
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arrive at the final answer. Our experimental results demonstrate
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GPT-40 by ~27% and ~3% on Nestful and BFCL v3 dataset,
respectively.
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