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Abstract

Tool learning methods have enhanced the ability of
large language models (LLMs) to interact with real-
world applications. Many existing works fine-tune
LLMs or design prompts to enable LLMs to select
appropriate tools and correctly invoke them to meet
user requirements. However, it is observed in pre-
vious works that the performance of tool learning
varies from tasks, datasets, training settings, and
algorithms. Without understanding the impact of
these factors, it can lead to inconsistent results, in-
efficient model deployment, and suboptimal tool
utilization, ultimately hindering the practical inte-
gration and scalability of LLMs in real-world sce-
narios. Therefore, in this paper, we explore the im-
pact of both internal and external factors on the per-
formance of tool learning frameworks. Through ex-
tensive experiments on two benchmark datasets, we
find several insightful conclusions for future work,
including the observation that LLMs can benefit
significantly from increased trial and exploration.
We believe our empirical study provides a new per-
spective for future tool learning research.

1 Introduction

Tool learning aims to augment LLMs with external tools,
teaching them how to select appropriate tools, generate cor-
rect parameters and ultimately parse execution results to pro-
duce correct responses [Qin et al., 2023b; Li et al., 2023a;
Schick er al., 2023]. By learning to use various tools, LLMs
can better assist users in completing practical tasks, such
as planning itineraries [Xie et al., 2024], controlling physi-
cal robots [Wang er al., 2023a] and accessing the Web [Qin
et al., 2023al. This capability is crucial for enhancing the
interaction between LLMs and real-world applications, em-
powering them as agents to provide more comprehensive
and useful assistance [Lu et al., 2023; Liu et al., 2023;
Tian et al., 2024]. In the tool learning tasks, most of pre-
vious work focuses on improving the performance of LLMs
in successfully solving complex tasks, including designing
chain-of-thought framework [Lu er al, 2023], employing
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Figure 1: Illustration of various factors that may affect the robust-
ness of tool learning methods.

multi-agent algorithms [Shi et al., 2024b; Qiao et al., 2024]
or tuning models on specific tool-use datasets [Tang et al.,
2023al], Numerous empirical studies are also conducted to
evaluate the tool-use capability of LLMs, such as when to
use, how to use, and which tool to use [Xu et al., 2023;
Huang er al., 2023]. Despite their progress, we find that sta-
bility, a crucial dimension to reflect the performance vari-
ation of LLMs under volatile scenarios [Li et al., 2023b;
Gu et al., 2022], is less investigated. In real-world applica-
tions, various factors can affect the performance of tool learn-
ing models, and sometimes even produce different responses
to identical user queries, a.k.a., instability. For example, [Ye
et al., 2024b] show that even simple perturbations can cause
models to select entirely incorrect tools or generate incorrect
tool-calling parameters. These seemingly unrelated perturba-
tions can lead to the failure of the task. Therefore, compre-
hensively exploring the factors related to the stability issue
and quantitatively analyzing their impact becomes necessary
for practical scenarios. In this work, we provide the first em-
pirical study on systematically analyzing the stability of tool-
use models. To achieve this, we first categorize the diverse
factors into two categories: internal and external factors.
The internal factors indicate uncertainties during the de-
velopment of tool-use models from the developers’ perspec-
tive. As shown in Figure 1, we consider the decoding tem-
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perature, the maximum inference steps, and the selection of
different foundation LLMs. Given the numerous works that
guide LLMs to automatically use external tools [Yao er al.,
2023; Yang et al., 2023b; Qin er al., 2023c], we also analyze
the impact of different tool-use frameworks on the model’s
performance. Exploring these internal factors will help en-
hance the performance of the framework during development.
Different from the internal factors, external factors primar-
ily involve diverse prompt engineering when interacting with
established tool-use models, which are beyond the control
of developers once the models are deployed. Specifically,
these factors includes different styles of user queries, cus-
tomized system prompts for tool-use models, and the candi-
date toolset used to solve a query. For a holistic investigation,
we change the candidate toolset by reordering it or expand-
ing its scale, respectively. Investigating these external factors
will help developers understand the stability in user-facing
scenarios, thereby improving the overall user experience. To
quantitatively validate the impact of the aforementioned in-
ternal and external factors on the tool learning process, we
conduct extensive experiments on the most commonly used
ToolBench [Qin et al., 2023c] dataset. We employ several
commonly used metrics to measure the performance from
multiple perspectives and derive a series of interesting find-
ings. We highlight the following:

* Existing tool-use workflow exhibits obvious instabil-
ity towards various internal and external factors. Even
the state-of-the-art methods still exhibit instability with
inessential perturbations.

Among the internal factors, the proper hyper-parameter
settings may boost the LLMs to generate diverse solu-
tions. However, it also leads to instability.

Among the external factors, the LLMs are sensitive to
the change of candidate toolset (i.e., order or scale) and
the system prompts.

The advanced tool selection algorithms (i.e., tree-based
search) can improve the accuracy, but they may suffer
from accumulated hallucination with less stability, as
well as substantial inference costs.

2 Related Work

Tool learning with LLMs. Tool learning aims to augment
LLMs with real-world tools, extending their utility and em-
powering them as agents to solve practical tasks [Qin et
al., 2023b; Tang et al., 2023a; Shi et al., 2023; Gao et
al., 2024; Zhang et al., 2026]. Pioneering work like Tool-
former [Schick et al., 2023] and ToolkenGPT [Hao et al.,
2023] teaches LLMs to utilize tools by training on specific
tool-use datasets [Patil er al., 2023; Wang et al., 2024]. Re-
cent work leverages the inherent in-context learning capabil-
ity of LLMs to master various tools, where the demonstra-
tion and usage are taken as the prompt [Yang et al., 2023b;
Shi et al., 2024a; Guo et al., 2024]. Despite the progress of
recent tool-use models in successfully solving complex tasks,
their stability is less investigated. In this work, we provide a
comprehensive empirical study on the stability of them across
diverse scenarios.

# Dataset # Amount # Category # APIs # Avg. APIs
I1-inst. 200 36 995 5.34
I1-tool 200 33 548 4.79

Table 1: Statistics of the experimental datasets such as the count of
task and tool category. The Avg. APIs indicates the average of the
candidate toolset per task.

Evaluation of tool-use LLMs. In tool learning tasks, pre-
vious work primarily evaluates the success rate of LLMs in
completing tasks, such as Success Rate [Yang et al., 2023a;
Song et al., 2023] and Win Rate [Qin et al., 2023c]. Re-
cently, the ToolSword [Ye et al., 2024a] has also proposed
to unveil safely-related issues of LLMs during the tool learn-
ing process. However, stability, a crucial dimension related
to practical applications [Wang et al., 2023b], has been less
investigated. Although some work, like RotBench [Ye et al.,
2024b], proposes evaluating the robustness of tool-use LLMs,
they only consider the different noise types injected into orig-
inal candidate toolsets. To the best of our knowledge, a thor-
ough stability evaluation of tool-use LLMs remains under-
explored. In our work; we fill this gap by providing a system-
atic evaluation ‘of the stability of tool-use LLMs, and quanti-
tatively analyzing their drawbacks under different settings.

3 Experimental Settings
3.1 Dataset

We conduct experiments on the subset of widely-used
ToolBench [Qin et al, 2023c] benchmark, including I1-
instruction and I1-tools. Each dataset contains 200 tasks in-
volving various real-world applications, which evaluates tool-
use models under practical scenarios. The detailed statistics
can be found in Table 1. The original ToolBench only pro-
vides a task-solving trajectory of GPT-3.5 as an evaluation
reference, which includes both ground truth and irrelevant
tools. However, commonly used evaluation metrics (§ 3.2)
require computing the overlap between model-selected tools
and the ground truth. Therefore, we repurpose ToolBench to
support our evaluation. For each task, we extract the tools
used in the original solution. Next, we invite three well-
educated experts with relevant research backgrounds to man-
ually select the correct tools for solving the task.

3.2 Evaluation Metrics

Following previous work [Ye et al., 2024b; Song et al., 2023],
we use the Success Rate and T-test as evaluation metrics. We
also consider the Give Up Rate, Invalid Selection Rate as met-
rics for a comprehensive evaluation.

Success Rate (Success%). This metric intuitively evaluates
the capability of tool-use LLMs in correctly selecting tools
and generating corresponding arguments for execution. It cal-
culates the proportion of tasks that the model can complete
successfully within limited steps. The success rate is 1 if and
only if all the required tools are used to solve a task.

T-test. To analyze the stability of tool-use LLM towards di-
verse factors, we use a two-tailed paired t-test [Student, 1908]
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£2) 1'm planning a family game night and | want to include a Roman
Query mythology trivia game. Can you give me a random Roman god...
¥ candidate Toolset

To start, | need to generate a random Roman god using the
Thought “random...” function. After obtaining the random god...

Api name: random_roman_god_for_roman_gods_by_pizza_api
Action Pparameters: "{ }"

@ {"error":" ", "response": {'Description': 'Furrina, goddess
Observation Whose functions ...', 'God": 'Furrina'} }

@ | have obtained the information about Mars. | need to ... | will use
Thought the "Finish" function to provide the final answer,

Api name: Finish
parameters: {"return_type": "give_answer", "final_answer“: "For

Action your Roman mythology trivia game...}

For your Roman mythology trivia game, here are the details for two
Finish gods: 1. Furrina - A goddess whose functions are mostly unknown...

Figure 2: The default tool-use framework in our work. The LLM
is guided to iteratively decide which tool to use (Thought), execute
the selected tool (Action), and incorporate the execution results into
context (Observation) for the next iteration prediction.

following previous work [Ye et al., 2024b]. This metric cal-
culates the statistical significance of the model’s performance
difference between vanilla and changed experimental condi-
tions. The significance level « is set to 0.05. Results are
marked with 4 if they are statistically significance are ob-
served; otherwise, they are marked with V.

Invalid Selection Rate (Invalid%). We use the Invalid Se-
lection Rate to compute the percentage of instances where
the LLM selecting non-existent tool, i.e., generating incor-
rect tool names. It reflects the ability of the model in tool
selection, a crucial phase in the overall tool-use workflow, es-
pecially when the candidate toolset is large-scale.

Give Up Rate (Give up%). This metric computes the per-
centage of tasks that LLMs give up answering after trial and
error. In practical scenarios, the model may fail to provide a
correct solution for a complex task due to their limited abil-
ity. Therefore, it is crucial to build a confident model that is
aware of its limitations, referred to as its capability bound-
ary [Ruiyang er al., 2023; Yin er al., 2024], allowing it to
adaptively and faithfully inform users of incomplete tasks
rather than giving incorrect answers.

3.3 Tool Learning Framework

For a fair evaluation, we employ the widely adopted Re-
Act [Yao et al., 2023] method as a unified framework to en-
able LLMs to interact with tools across different experimental
setups. In the ReAct framework, the LLM is guided to it-
eratively perform Thought, Action, and Observation
steps. As shown in Figure 3, the Thought is to generate
tool-use planning in the nature language while the Act ionis
to select an appropriate tool and formulate corresponding pa-
rameters. The Observation step is to incorporate the ex-
ecution results of tools in the current context. To explore the

Model Success%! Giveup% Invalid%.
gpt-3.5-turbo-16k 54.00% 29.50% 1.48%
gpt-3.5-turbo-0125 55.50% 36.50% 1.45%
gpt-3.5-turbo-1106 48.00% 50.50% 0.88%
gpt-4o 58.00% 38.00% 0.54%
deepseek-chat 40.50% 34.00% 0.56%
llama-3-70b 8.00% 4.50% 42.16%
llama-3-8b 3.50% 2.00% 28.56%
mixtral-8x7b-inst. 12.00% 14.00% 41.66%
mixtral-8x22b 25.00% 19.00% 10.76%

Table 2: The results with different foundation models on I1-
instruction dataset of ToolBench [Qin et al., 2023c].

stability of LLMs in different tool-use frameworks, we com-
pare the ReAct method with another framework, i.e., Tool-
LLM [Qin ef al., 2023c], which-augments LLMs with a Depth
First Search-based Decision Tree (DFSDT) to select relevant
tools for solving tasks (§ 4:3).

3.4 Implementation Details

For the closed-source models, e.g., GPT-3.5, we mainly en-
able them to utilize tools through OpenAl’s function-call
format!. For the open-source models, we use the prompt
from [Qin et al., 2023c]. We also analyze the impact of dif-
ferent tool-use prompts in § 5.4.

4 ~ Analysis of Internal Factors

We first investigate the influence of internal factors, which in-
dicate the uncertainties in developing a tool-use models, such
as the foundation LLMs and decoding temperature.

4.1 Impact of Foundation LLMs

The foundation LLM is the main component in the overall
tool learning framework, which takes the user query as input
and automatically executes external tools to generate an an-
swer as a response. We comprehensively evaluate 9 off-the-
shelf LLMs, including both close-source model, i.e., GPT-3.5
and GPT-4, and open-source models such as Mistral [Jiang et
al., 2023]. For deterministic generation, the decoding tem-
perature is set to 1 and 0.5 for closed-source and open-source
models, respectively, following previous work [Zhuang et al.,
2023; Ruan et al., 2024].

As shown in Table 2, we find that closed-source mod-
els substantially outperform open-source models in Success
Rate while achieving a lower Invalid Selection Rate. For
example, GPT-4 achieves a 58% Success Rate with only a
0.54% Invalid Selection Rate. In addition, for the remaining
42% of uncompleted tasks, it can adaptively give up on 38%),
illustrating its confidence in the evaluation task.

We also observe the scaling law in tool learning where the
performance of LLMs, including stability and effectiveness,
increases along with the scaling up of their parameters. This
indicates that the inherent capability of foundation LLMs cor-
relates with their tool-learning abilities.

'https://platform.openai/function-call
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Figure 3: The overall framework of our work, which benchmarks tool-use models under various scenarios to investigate the internal and

external factors that potentially affect their stability.

4.2 Impact of Hyper-parameters

In the development of tool-use models, there are several
hyper-parameters need to be considered. We investigate two
common hyper-parameters that may affect the stability of
tool-use LLMs, including the decoding temperature ¢ and the
maximum step of inference s. Generally, lower temperature
generations are more focused and deterministic while higher
temperature generations are more random [Chen and Ding,
2023]. We vary the decoding temperatures ¢ from 0.2 to
1.4 with increments of 0.4. The s indicates the maximum
inference steps to conduct tool-use actions; i.e., Thought,
Action or Observation, which is alternated in {6, 8, 10,
12, 14}. We allow the LLMs to stop early.if they complete or
give up on a task within s steps.

We first discuss the influence of temperature. As illustrated
in Table 4, with the increase in temperature, the Success Rate
improves from 48% to 54.5%, and the Invalid Selection Rate
shows a slight increase (0.89%). Significant differences are
also observed in the Success Rate metric at different tem-
peratures (e.g., t = 1.0 and ¢t = 0.2). These results in-
dicate that (1) LLMs exhibit unstable performance towards
decoding temperature, and (2) higher temperatures can po-
tentially improve performance with a slightly increased er-
ror in tool selection. A reason for this phenomenon is
that higher temperatures boost the LLM to generate more
diverse actions during inference [Peeperkorn et al., 2024;
Zhu et al., 2024], thereby expanding the generated solution
space. We observe a relatively increasing trend in the Give
Up Rate when ¢ shifts from 0.6 to 1.4. We look at the poorly
performing cases, where we find the reason is that the LLM
generates diverse solutions but still fail to derive a correct an-
swer, thereafter adaptively give up the tasks.

Next, we examine the influence of the inference step. As

shown in Table 3, we find that the GPT-3.5 only achieves
32.50% in success rate on the Il1-inst. dataset when it al-
lowed inference up to 6 steps. However, its Success Rate
increases to 49.00% when the maximum inference step is ex-
tended to 10. A more obvious trend can be also observed
in the Deepseek model, e.g., shifting from 5.50% to 39.00%.
These results show that the LLM can benefit more trial and
exploration step to complete a task correctly. We also find
a relatively stable performance when the inference steps s
keeps increasing, i.e., from 10 to 14. In our experimental
setup and dataset, setting the inference step to 14 makes a
tradeoff for consideration of effectiveness and efficiency for
GPT-3.5.

4.3 Impact of Tool-use Framework

The tool-use frameworks indicate the specific techniques or
methods to teach the LLM tool usage, automatically guid-
ing them to interact with tools and solve a practical task.
We compare two frameworks that are commonly used in
previous work, including the ReAct [Yao et al., 2023] and
DFSDT [Qin et al., 2023c]. ReAct is the default framework
in our experiment mentioned in § 4.3, which grounds the tool-
use process into Thought-Action-Observation for-
mat. In contrast, DFSDT [Qin et al., 2023c] augments the
LLM with Depth First Search-based Decision Tree to select
tools.

The tree-based framework generally performs better but
with substantial costs. As illustrated in Table 5, we find
that the DFSDT significantly achieves a higher Success Rate
on both two datasets with an average of 30.76% point im-
provement. These results validate the superiority of the tree-
based search algorithm in recalling required tools to solve a
task. However, it comes up with substantial inference cost,
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I1-instruction I1-tool
Inference step
Success %1 Give up % Invalid%|  Success%1 Give up % Invalid % |

gpt-3.5-turbo- 16k
step s —10 (vanilla) 49.50% 31.50% 0.99% 50.00% 27.00% 0.71%
steps — 6 32.50%* 21.00%* 0.79%" 32.50%* 16.50%* 0.51%"
step s — 8 46.50%" 22.50%* 1.04%" 41.50%* 23.00%" 0.89%"
step s — 12 54.00%" 29.50%" 1.48%" 55.00%4 25.00%" 0.81%"
step s — 14 51.50%" 32.50%" 1.58%" 57.00%4 25.00%" 1.12%*

deepseek-chat
step s — 10 (vanilla) 39.00% 37.50% 0.46% 38.00% 40.50% 0.68%
step s — 6 5.50%4 12.00%* 0.68%" 4.00% A 14.00%4 0.93%"
step s — 8 24.50%4 34.00%" 0.71%" 23.00%4 32.00%4 0.51%"
step s — 12 40.00%" 34.00%" 0.56%" 41.00%" 39.00%" 0.63%"
step s — 14 43.50%" 42.50%" 0.84%" 43.00%" 39.50%" 0.76%"

Table 3: The results with different setting of the maximum inference step s (Section 4.2). We conduct the experiment using both GP7-3.5 and
Deepseek model for a holistic comparison. For each experiment, we mark the values with * to indicate that they are statistically significant

compared to the vanilla setting; otherwise, we use Y.

Temperature Success%1 Giveup% Invalid%.
t = 1.0 (vanilla) 54.00% 29.50% 1.48%
t=02 0.8 48.00%4 26.50%" 1.04%"
t=06 |04 49.50%* 24.50%" 1.04%"
t=14 104 54.50%" 34.50%" 1.93%"

Table 4: The results with different decoding temperature on the I1-
instruction of ToolBench benchmark.

i.e., consuming nearly triple tokens, which may limits its ef-
fectiveness in low-resource scenarios or low-latency applica-
tions.

We also observe that the Deepseek model, when equipped
with the DFSDT method, shows a substantial increase in In-
valid Selection Rate. It indicates that open-source models
suffer from relatively severe hallucinations to generate non-
existing tool names, especially when intensively selecting
tools. Thus, we advocate the optimization of LLM to reduce
its hallucination in generating correct tool names, thereby
leveraging tree-based tool-use frameworks.

S Analysis of External Factors

External factors involve the practical prompts to enable tool-
use models, including diverse user prompts, customized sys-
tem prompts, and the input candidate toolset.

5.1 Impact of User Prompts

In real-world applications, users exhibit diverse behaviors
when interacting with the tool-use model. Therefore, we first
simulate two practical behaviors of users, including: (1) suc-
cinct: a user provides a short instruction; and (2) detailed: a
user provides a lengthy and comprehensive instruction. To
achieve this, we employ gpt-3.5-turbo-0125 to compress or
elaborate the description for each task in our experimental
datasets, respectively, without changing the semantics and
key information.

As shown in Table 6, LLMs are relatively stable towards
user behaviors. Since LLMs are trained on a massive web
corpus, they have developed strong abilities in capturing key
information of a task despite the diverse styles of descrip-
tions from various users.

5.2 Order of Candidate Toolsets

Given a task, the LLM first selects a series of tools from a can-
didate toolset S in a step-by-step manner and then executes
the selected tools to obtain the final answer. Since the LLM
suffers from the position bias [Liu er al., 2024] in a broad
range of downstream tasks like document ranking [Tang er
al., 2023b], we analyze whether the order of the tools in S
can influence its performance in the tool-use workflow. We
randomly shuffle the original toolset (vanilla) for each task in
our experiment dataset and evaluate the model’s performance.

Open-source model suffers from the positional bias of tools.
As shown in Table 7, we find the weak open-source model,
i.e., Deepseek, suffers from pronounced positional bias. For
example, when we shuffle the original order of the toolset,
its success rate decreases from 41.00% (original) to 27.00%
(shuffle) on the I1-tool dataset. The 7.5% decrease is observed
in the I1-instruction dataset. A similar phenomenon is also
observed in other tasks, such as text summarization [Chhabra
et al., 2024], and code search [Li et al., 2023c]. In addi-
tion, we find that GPT-3.5 is nearly insensitive to the order of
the toolset, and only a 3% point difference in success rate is
observed. These results indicate that powerful models with
higher Success Rate are more skillful in solving tasks show-
ing less instability toward positional bias, and vice versa.

5.3 Scale of Candidate Toolsets

Beyond the ground truth tools to solve an input task, the
toolset S is typically large-scale in real-world scenarios,
inevitably containing irrelevant or plausible-looking tools
(a.k.a., noise). Therefore, we further benchmark the stability
of models under the different scale of toolset S. For a more
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Method I1-instruction

I1-tool

Success% 1T Give up% Invalid%| Cost (tokens) Success%7T Give up% Invalid% ] Cost (tokens)

gpt-3.5-turbo-16k

ReAct (vanilla) 54.00% 29.50% 1.48% 15032 55.00% 25.00% 0.81% 16270
DFSDT 69.50%*  30.00%* 1.65%* 37328 67.50%*  31.50%* 2.39%* 45443
deepseek-chat(21B)

ReAct (vanilla) 40.00% 34.00% 0.56% 17815 41.00% 39.00% 0.63% 17211
DFSDT 55.00%*  42.50%" 16.87%* 47382 54.00%%  42.50%"  19.15%* 49095

Table 5: The results on two datasets with different tool-use frameworks. We mark the results of DFESDT that significantly outperform the

vanilla framework (ReAct) with *; otherwise, we use .

I1-tool
Success% 1T Give up%

Method I1-instruction

Success% T Give up%
gpt-3.5-turbo-16k

vanilla task 54.00% 29.50% 55.00% 25.00%

- w/ shorten 49.50%" 33.00%" 52.50%" 25.50%"

-w/ lengthen ~ 50.50%" 33.00%" 50.50%" 30.00%"
deepseek-chat

vanilla task 40.00% 34.00% 41.00% 39.00%

- w/ shorten 38.00%" 40.50%* 39.00%" 43.50% Y

- w/ lengthen ~ 37.00%" 38.00%" 32.00%* 47.50%*

Table 6: The results on two dataset with different user behaviours,
i.e., giving a succinct (w/ shorten) or a detailed (w/ lengthen) task
description.

practical evaluation, we expand the scale of the toolset us-
ing two sampling strategies for each task: (1) Intra-category
sampling: we augment the original toolset with tools sam-
pled from the same category as the ground truth tools. These
tools are related to the current task but not useful. (2) Cross-
category sampling: we sample irrelevant tools from different
categories than the ground truth tools.

Unstable performance is observed with change of toolset
scale. 'We summarize the results in Table 7. We observe
that both closed-source and open-source LLMs exhibit sub-
stantial performance degradation with the increase of toolsets
scale. These results indicate the instability of LLMs towards
irrelevant or relevant but useless tools. We also find a de-
creased trend in Give Up Rate. Thus, we dive into specific
cases, where we find that with more candidate tools, the LLM
tends to be stubborn and stuck in continuously selecting use-
less rather than adaptively stopping. These findings motivate
us to carefully design the tool selection module in developing
tool-use LLM systems or applications.

5.4 Impact of System Prompts

The system prompts indicate the input prompt demonstrating
LLMs how to use tools, which pre-defines the format of the
model’s generation. Our vanilla setting implements the sys-
tem prompt of closed-source LLMs with function call, which
is an API interface exclusively supported by OpenAl. For
open-source LL.Ms, the system prompt is a zero-shot instruc-
tion P (§ 3.4). Here, we consider human efforts in optimiz-
ing the prompts, where we formulate a detailed instruction
PT on top of P by supplementing fine-granularity descrip-
tion to specify usage specifications. We evaluate both closed-

source and open-source model with P to analyze their stabil-
ity towards diverse prompts. Table 8 presents the experimen-
tal results. The gpt-3.5-0125 suffers from a 15% decrease
in Success Rate and a 13.48% increase in Invalid Selection
Rate when we swap the official function-call prompt with
manually customized prompts. This result intuitively demon-
strates the LLMs are sensitive to different system prompts..
We also observe that the performance of the Deepseek model
substantially improves (e.g., 22% higher Success Rate) when
equipped with customized prompt P. This result illustrates
that the LLM can understand tool-use instructions in a zero-
shot manner, aligning with previous work [Hsieh er al., 2023].
Therefore, directly providing clear rules and instructions in
system prompts is a potential alternative to enhance the tool-
use ability of open-source models without cost-intensive su-
pervised fine-tuning.

6 . Discussion

6.1 Self-consistency of Tool-use Models

We further explore the self-consistency of tool-use models.
Specifically, we repeatedly prompt a model to solve the tasks
in the I1-inst. dataset N times with the same settings as in
Table 2. We then count the percentage of completed tasks
that can be solved in the first run, which reflects the consis-
tency of the model through the discrepancies between differ-
ent runs. In our implementation, we set N to 3. We find that
the Mixtral-8x7B model can solve 57 tasks in the first run, but
20 of the initially failed tasks can be solved during the second
and third runs. Similar phenomena are also observed in other
LLMs, such as GPT-3.5. These results directly indicate that
the stability of LLMs still needs to be improved.

6.2 Case Study

We compare tool-use model outputs for the same task under
different experimental settings, such as prompts, inference
steps, and candidate toolsets, revealing instability.

The impact of different foundation models. We find
that the closed-model, i.e., gpt-40-2024-05-13 can success-
fully finish the task with no redundant steps. However,
the commonly used open-source models, i.e., Mixtral-8x7B
and deepseek-chat, struggle to generate correct arguments to
solve the task. This case indicates the performance among
different backbone LLMs and the open-source models still
lay behind the closed-source models in the tool learning tasks.
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M I1-instruction I1-tool
ethod
Success%1T  Give up% Invalid%|  Success%T  Give up% Invalid % |
gpt-3.5-turbo-16k
vanilla toolset 54.00% 29.50% 1.48% 55.0% 25.00% 0.81%
randomly shuffle 51.00%Y 31.50%" 1.80%" 52.50% Y 25.50%" 0.77%"
expand w/ intra-category 51.00%" 22.50%* 0.77%" 47.50%* 23.50%" 1.38%*
expand w/ cross-category 47.00%* 28.00%" 0.53%" 52.50%Y 18.00%* 1.00%"
deepseek-chat
vanilla toolset 40.00% 34.00% 0.56% 41.00% 39.00% 0.63%
randomly shuffle 32.50%" 35.50%" 0.52%" 27.00%* 32.50%" 0.76%"
expand w/ intra-category 33.00%* 34.00%" 0.05%" 32.50%* 38.50%" 0.63%"
expand w/ cross-category 37.50%" 32.00%" 0.26%" 32.00%4 37.00%" 0.51%"

Table 7: The results on two datasets where we change the candidate toolset provided to tool-use model using different strategies, including
randomly shuffle (Section 5.2), relevant sampling and noise sampling (Section 5.3).

Prompt Success%T Giveup% Invalid%.|
gpt-3.5-turbo-0125

Vanilla (func. call) 55.00% 36.50% 1.45%
Customized 40.00%* 35.00%" 14.93%*
gpt-3.5-turbo-1106

Vanilla (func. call) 48.00% 50.5% 0.88%
Customized 47.50%" 41.00%* 6.73%*
llama-3-70b

Vanilla (naive) 8.00% 4.50% 42.16%
Customized 30.00%* 10.00%" 3.15%*

Table 8: The results on various LLMs with different system prompts.
(func.: function)

The impact of different decoding temperature. We find
that when the decoding temperature is set to 0.2, it stubbornly
repeats the same incorrect actions instead of generating new
ones. In contrast, when the temperature is increased to 1.4,
the LLM can correct its mistakes in response to error mes-
sages and generate new actions. This case demonstrates that
the LLM exhibits varied performance at different tempera-
tures, with higher temperatures encouraging more diverse ac-
tions, validating our findings in §4.2.

The impact of the maximum inference step. We find that
the LLM fails to solve a complex task within 6 steps. When
the maximum inference step is increased to 12, the LLM ben-
efits from more trials and exploration, thereby completing the
task. This case indicates that it is crucial to adapt the maxi-
mum inference step according to the task complexity.

The impact of the tools scale. We find that when we add
more irrelevant tools in the original toolset, the LLM is mis-
led to select inappropriate tools and generate incorrect argu-
ments, thereafter failing the task. This case indicates that de-
spite the powerful LLMs, e.g., GPT-3.5, they are sensitive to
the scale of tools, which is aligned with our analysis in §5.3.

Takeaways. Since the tool-learning frameworks still suf-
fer from instability due to various factors, we summarize our
findings as several useful takeaways to boost the performance
of tool-learning frameworks: (1) Decoding temperature can
significantly affect the stability of tool-use LLMs (§ 4.2). In

solving complex tasks, users can set relatively higher tem-
peratures to boost LLMs to generate more diverse actions,
thereby expanding the ‘solution space. (2) Users can aug-
ment LLMs with tool selection algorithms, e.g., Depth-First-
Search, which effectively improve the success rate through
more trial and error. However, one should also consider the
associated disadvantages, such as increased inference costs
and the accumulated hallucination of tool selection errors
over extended workflows. (3) Different system prompts result
in varied performance. The closed-source models are trained
to access tools through specialized function-call prompts,
thereby showing fewer errors in workflow. Thus, we ad-
vocate tuning models with specific tool-use datasets or sup-
plementing fine-granularity descriptions in prompts, aligning
their generation with pre-defined usage specifications. (4)
The LLMs are sensitive to the order and scale of the toolset.

7 Conclusion

We present an empirical study on the stability of tool-use
models. Specifically, we explore the impact of both internal
and external factors on the tool-learning frameworks. Internal
factors include uncertainties during the development of the
tool-use model, while external factors primarily involve di-
verse input prompts. Our quantitative analysis demonstrates
that even powerful models such as GPT-3.5 exhibit signifi-
cant instability in response to these factors. We also provide
valuable findings and practical insights to facilitate further re-
search in this area. Our future work includes: (1) extending
our evaluation to tool-use agents empowered by multi-modal
LLMs; and (2) exploring the model’s stability in more intri-
cate environments, such as dynamic interactions with users.
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