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ABSTRACT

Large language models (LLMs) are often augmented with tools to solve complex
tasks. By generating code snippets and executing them through task-specific Ap-
plication Programming Interfaces (APIs), they can offload certain functions to
dedicated external modules, such as image encoding and performing calculations.
However, most existing approaches to augment LLMs with tools are constrained
by general-purpose APIs and lack the flexibility for tailoring them to specific tasks.
In this work, we present CRAFT, a general tool creation and retrieval framework
for LLMs. It creates toolsets specifically curated for the tasks and equips LLMs
with a component that retrieves tools from these sets to enhance their capability to
solve complex tasks. For each task, we collect specific code solutions by prompting
GPT-4 to solve the training examples. Following a validation step ensuring the
correctness, these solutions are abstracted into code snippets to enhance reusabil-
ity, and deduplicated for higher quality. At inference time, the language model
retrieves snippets from the toolsets and then executes them or generates the output
conditioning on the retrieved snippets. Our method is designed to be flexible and
offers a plug-and-play approach to adapt off-the-shelf LLMs to unseen domains
and modalities, without any finetuning. Experiments on vision-language, tabular
processing, and mathematical reasoning tasks show that our approach achieves
substantial improvements compared to strong baselines. In addition, our in-depth
analysis reveals that: (1) consistent performance improvement can be achieved by
scaling up the number of tools and the capability of the backbone models; (2) each
component of our approach contributes to the performance gains; (3) the created
tools are well-structured and reliable with low complexity and atomicity. 1

1 INTRODUCTION

Large language models (LLMs) have emerged as transformative tools in AI, exhibiting capabilities
in complex problem-solving, including reasoning, planning, and producing creative outputs (Brown
et al., 2020; Touvron et al., 2023b;a; Yuan et al., 2023). Recent evidence has shown that LLMs
can dynamically interact with the environment through external tools, which grants them access
to information beyond their pretrained parameters (Qin et al., 2023a; Mialon et al., 2023; Schick
et al., 2023). For example, these models can generate code snippets and call APIs provided by visual
tools like image encoding models, to solve problems that involve images or videos (Wu et al., 2023;
Shen et al., 2023; Yang et al., 2024).

Success has been achieved by integrating LLMs with large-scale, general-purpose tool collec-
tions (Qin et al., 2023b; Tang et al., 2023; Surı́s et al., 2023; Gao et al., 2023a; Chen et al., 2022a;
Gao et al., 2023b; Patil et al., 2023). However, adapting LLMs to many domains and evolving
applications involves working with more specialized APIs tailored to address specific challenges,
which are often inadequately represented in general-purpose toolsets. In response, this work proposes
to integrate LLMs with highly customizable toolsets that are curated for specific problems of interest.

∗Equal contribution. The first author conducts this research during an internship at UIUC.
1The code is available at https://github.com/lifan-yuan/CRAFT.
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Question: The movie critic 
liked to count the number 
of actors in each movie he 
saw. What is the smallest 
number of actors?

CRAFT (Ours)

LLM: To solve the query, the helpful tools 
might be [api_name ... ], and the 
corresponding docstring can be [...]

def find_smallest_number_of_actors(df):
"""..."""
return find_lowest_value_in_stem_leaf(df, "Stem", "Leaf")

df = pd.DataFrame({'Stem': [2, 3, 4, 5, 6, 7],
'Leaf': [[2, 3, 4, 6, 7, 9], [0, 2, 4, 4, 6, 6, 6, 7], 

             [2, 3, 5], [], [5, 6, 6], [0, 4, 4, 9]]})
find_smallest_number_of_actors(df) # Output: 22

LLM: [Use retrieved tool from created tool base for problem-solving]

def calculate_total_items_for_groups(...)
def calculate_items_from_ratio(...)
def calculate_difference_between_rows(...)
def calculate_expenses_on_date(...)
def count_items_below_threshold(...):

"""
    Takes in a frequency table and a 
    threshold value, and returns the
    number of items with a frequency
    less than the threshold.
    """

Created Toolset

Retrieved Tools
[1] def find_lowest_number_in_stem_leaf(...)
[2] def count_groups_within_thresholds(...)
...

Directly reuse correct tools 
to avoid unexpected errors.

CREATOR (Qian et al., 2023)

def find_smallest_number_of_actors(df):
"""..."""

    actors = []
for i in range(len(df)):

        stem, leaf = df['Stem'][i], df['Leaf'][i]
        actors.append(stem * 10 + min(leaf)) 

return min(actors)
df = pd.DataFrame({'Stem': ..., 'Leaf': ...})
find_smallest_number_of_actors(df) 
# Output: ValueError: min() arg is an empty sequence

LLM: [Direct problem-solving]

ValueError: min() arg is 
an empty sequence

question

api_name

docstring

Retrieve

Based On

Name: Actors per movie

Unit: actors

Stem Leaf

2 2, 3, 4, 6, 7, 9

3 0, 2, 4, 4, 6, 6, 6, 7

4 2, 3, 5

5

6 5, 6, 6

7 0, 4, 4, 9

Question: In what 
room of a house 
would you most likely 
find these types of 
chairs?

CRAFT (Ours)

LLM: To solve the query, the helpful tools 
might be [api_name ... ], and the 
corresponding docstring can be [...]

def execute_command(image) -> str:
    image_patch = ImagePatch(image)
    chair_types = identify_objects_in_location(image_patch, 'chair')
    possible_rooms = [

'living room', 'dining room', 'kitchen',
'bedroom', 'office'

    ]
    room = determine_object_location(image_patch, chair_types, possible_rooms)

return room # Output: "dining room"

LLM: [Use retrieved tool from created tool base for problem-solving]

def identify_object_attribute(...)
def identify_action_around_object(...)
def check_multiple_properties(...)
def describe_object_posture_and_action(...)
def determine_atmosphere(...):

"""
    Determine the overall atmosphere of
    a given location.
    """

Created Toolset

Retrieved Tools
[1] def identify_objects_in_location(...)
[2] def determine_object_location(...)
...

Automatically determine the 
correct location given a list: 
more flexible.

ViperGPT (Surís et al., 2023)

def execute_command(image) -> str:
    image_patch = ImagePatch(image)
    chair_patches = image_patch.find('chair')

for chair_patch in chair_patches:
        query = 'What type of chair is this?'
        chair_type = chair_patch.simple_query(query)

# 'chair_type' := 'dining room'
if (chair_type in \

              ['dining', 'kitchen', 'living room']):
return chair_type

return 'It is difficult to determine.'
# Output: 'It is difficult to determine.'

LLM: [Direct problem-solving]

Exact match between 
variable “chair_type” 
and the option list: little 
fault-tolerant space.

question

api_name

docstring

Retrieve

Based On

Figure 1: Previous approaches directly solve the given problem by generating code solutions, which
may contain errors. CRAFT first creates a toolset that contains diverse, reusable, and correct tools that
are executable code snippets. During inference, CRAFT employs a multi-view matching approach,
incorporating information about the target problem, API names, and docstrings, to identify and utilize
relevant tools, enhancing its problem-solving capabilities.

Our approach, dubbed CRAFT, constructs a toolset customized for a given task (see Figure 1). In
contrast to previous approaches that only incorporate one single type of tool (Cai et al., 2023) or
create unverified and non-reusable tools (Qian et al., 2023), our toolset contains diverse, reusable,
and correct APIs that can tackle various problems. This is achieved through an automated process, by
instructing LLMs to generate specific code solutions to solve training problems of the task or related
ones. The specific solutions are then abstracted into code snippets, which can later be instantiated
to solve similar problems. Dedicated validation and deduplication steps ensure the correctness of
the tools and reduce redundancy, thereby enhancing the quality of the toolset.

At inference time, precisely identifying and retrieving relevant tools for the given problems is
challenging, especially given the constructed large toolset. Existing solutions typically rely on
pre-selected tools (Parisi et al., 2022), heuristic-based tool selection strategy (Shen et al., 2023),
and simple similarity measure (Qin et al., 2023b), which may be unsuitable or insufficient to pinpoint
the related tools from a large toolset given the problems. CRAFT implements a retrieval component
that takes into account the target problem, the names of the tools (a.k.a, APIs), and their docstrings
through a multi-view matching function. The retrieved snippets are then added to the prompt of
LLMs so that the retrieved tools can be invoked in the generated code solutions.

The empirical effectiveness of CRAFT is validated through experiments on visual question answering,
tabular processing, and mathematical reasoning tasks. Compared to strong baselines, CRAFT
achieves an average of 43.16% relative improvement in F1 score compared to the best baselines in
vision-language tasks, where the LLMs are required to interact with various visual tools to encode the
images. Through our carefully designed analysis, we find (1) the performance continually increases
as the number of tools and the capability of the backbone models increase; (2) Each component
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Figure 2: The toolset construction pipeline creates diverse, reusable, and correct tools that are
executable code snippets, which can generalize LLMs to specialized domains and tasks.

design incorporated in CRAFT contributes to the performance gains; (3) the created tools exhibit
atomicity and possess low complexity, underscoring their robust structures and reliability.

The contribution of this work is two-fold. First, we introduce CRAFT, a broadly applicable framework
to customize LLMs to various tasks and domains via tool creation and retrieval. Second, we release
the created toolsets that include diverse, reusable, and correct tools, which are useful for various
downstream tasks. Estimatedly, it costs around 2,500$ in total for the toolsets construction.

2 CRAFT

We introduce CRAFT to address the challenges faced by prior research in the following two aspects:
(1) Tool Creation: The establishment of an extensive toolset of diverse, reusable, and correct tools,
in contrast to the reliance on limited examples (Cai et al., 2023; Qian et al., 2023); (2) Tool Retrieval:
The effective retrieval of relevant tools from a large toolset, tailored to the specific question, thereby de-
parting from the conventional approach of simplistic similarity matching (Qin et al., 2023b; Patil et al.,
2023). By instantiating the retrieved code and adding it to the prompt, LLMs can then use the tools by
calling the function to perform complex operations rather than implement every detail from scratch.

2.1 TOOL CREATION

Based on a source dataset, namely a general instruction dataset or a training dataset that contains
problem-answer pairs, CRAFT constructs the toolset through four steps: Generation, Abstraction,
Verification, and Deduplication, which are illustratied in Figure 2 and will be described as follows.

Generation. To create a toolset containing diverse tools that can be adopted to address various
problems, we apply an iterative approach to sample problem-answer pairs from the source dataset.
At a high level, the generation step involves iteratively sampling problems from the source dataset,
generating code solutions, and filtering out incorrect ones. We use Q to denote the set of sampled
problems and Ri to denote the set of remaining problems after the i-th iteration. Q is initialized with
n random samples from the entire source dataset and Ri is initialized as the rest. At each iteration,
we use the highest similarity between each qr ∈ Ri and any qs ∈ Q as the similarity between
each qr and set Q. To enhance the diversity of the toolset, Q is updated by adding k problems that
are least similar to Q, where k represents the desired number of samples for each iteration. This
min-max sampling strategy is: Q← Q ∪ argTopKmin (maxqs∈Q sim(qr; qs) | qr ∈ Ri). Function
argTopKmin returns the indices of the top k elements with the smallest values from a set, which
is set to 100 in our implementation, and sim (·) denotes the cosine similarity of the representation
vectors computed by SimCSE, a state-of-the-art sentence representation learning method based on
contrastive learning (Gao et al., 2021).
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