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From Cooking Recipes to Robot Task Trees — Improving Planning
Correctness and Task Efficiency by Leveraging LLMs with a
Knowledge Network

Md. Sadman Sakib, and Yu Sun

Abstract— Task planning for robotic cooking involves gen-
erating a sequence of actions for a robot to prepare a meal
successfully. This paper introduces a novel task tree generation
pipeline producing correct planning and efficient execution for
cooking tasks. Our method first uses a large language model
(LLM) to retrieve recipe instructions and then utilizes a fine-
tuned GPT-3 to convert them into a task tree, capturing sequen-
tial and parallel dependencies among subtasks. The pipeline
then mitigates the uncertainty and unreliable features of LLM
outputs using task tree retrieval. We combine multiple LLM
task tree outputs into a graph and perform a task tree retrieval
to avoid questionable nodes and high-cost nodes to improve
planning correctness and execution efficiency. Our evaluation
results show its superior performance in task planning accuracy
and efficiency compared to previous works.

I. INTRODUCTION

Robotic cooking has emerged as a highly promising do-
main within robotics, presenting notable advantages such
as convenience and the potential for enhanced efficiency
and precision in meal preparation. To effectively automate
cooking tasks, the key component is efficient task planning.
This entails generating a series of actions guiding the robot
in accomplishing a specific goal. However, this is an intricate
field of research because cooking tasks typically involve
lengthy sequences of actions encompassing various ingredi-
ents and tools. Moreover, they necessitate attaining numerous
crucial ingredient states throughout the process. Additionally,
the cooking conditions, processes, and requirements are
exceptionally diverse. Approaches like state-space planning,
learning from demonstration, and even knowledge network
retrieval encounter difficulties when confronted with unseen
starting conditions and requests.

In cooking tasks, ingredients or objects can vary in form,
shape, and size, and there are multiple states to consider
during recipe execution. The manipulation of an ingredient
depends on its specific state, and certain ingredients may not
be readily available in the desired state. Additionally, robots
have varying capabilities, making some actions easier for
them to perform than others. A task planning method should
consider these factors and propose the most suitable plan for
the robot to execute efficiently. Previous work has created a
knowledge network consisting of 140 cooking recipes called

Yu Sun and Md. Sadman Sakib are members of the Robot Perception and
Action Lab (RPAL), which is part of the Department of Computer Science
& Engineering at the University of South Florida, Tampa, FL, USA.
Email: {mdsadman, yusun}@usf.edu

979-8-3503-8457-4/24/$31.00 ©2024 IEEE

the Functional Object-Oriented Network (FOON) [1], [2].
However, generating plans in novel scenarios where FOON
lacks knowledge about the recipe or an ingredient proved
challenging. Furthermore, expanding the knowledge base
was difficult due to the reliance on manual annotation.

Recently, the emergence of Large Language Models
(LLMs) [3], [4], [5] has addressed the limitation of limited
knowledge. These LLMs possess the ability to generate
“likely” viable solutions for different scenarios and requests.
While their results may not always be correct or optimal,
their notable capacity for generalization can help overcome
the limitations of search-based task tree retrieval methods.
The search-based retrieval approach with a comprehensive
knowledge network, on the other hand, can detect, remove,
and replace the wrong elements in the LLM outputs.

The primary focus of this research paper is to tackle
the task planning challenge in robotic cooking through the
introduction of an innovative task tree generation approach
(Figure 1). We aim to generate a task plan that is both error-
free and cost-effective. To enhance the accuracy of the task
plan, we employ a method that involves detecting incorrect
components within the task trees generated by GPT-3 and
searching for alternative options either within other task
trees or within the FOON knowledge graph. This approach
allows us to improve the overall quality and reliability
of the generated task plan. The pipeline ensures effective
resource utilization while achieving the desired objectives
by carefully selecting the most optimized plan from these
alternatives. The effectiveness of the task tree generation
pipeline is evaluated through a comparative analysis with
a previous approach. The results demonstrate the superiority
of the proposed method, showcasing enhanced task planning
accuracy and improved cost efficiency.

Output: A task plan

Input: Meal specification Task 1
Input: empty cutting board, peeled carrot, clean knife.
Action: slice.

LLM Output: sliced carrot on cutting board.

Make a noodles including Task 2

carrot, cabbage and :; :> Input: sliced carrot on cutting board, empty bowl.
Action: pick-and-place.

Output: sliced carrot in bowl

beans. Do not add any
FOON
0

animal-based products.
0

0

Fig. 1: Overview of our approach. Given a meal preparation
instruction, the model generates a list of tasks specifically
designed for the robot.

Our contributions in this paper are as follows: (i) We
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propose a novel task tree generation approach that accepts
any dish of the user’s choice and produces a robot task tree
with state-of-the-art accuracy and efficiency; (ii) We fine-
tune GPT-3 to convert natural language instructions into a
task tree structure; (iii) We improve the accuracy of the task
plan by detecting incorrect components in the GPT generated
task trees and finding alternatives either in other task trees
or FOON; (iv) We optimize execution costs by performing
weighted retrieval in a mini-FOON combined from multiple
GPT outputs or FOON. We demonstrate the superiority of
our model through a comparison with a previous approach.

II. OVERVIEW OF THE FUNCTIONAL OBJECT-ORIENTED
NETWORK

A. Definitions

FOON and related knowledge graphs have been used in
many tasks for robots, such as robotic cooking [6] and
furniture assembly [7], [8], [9]. The one used here is a
knowledge graph constructed through manual annotation of
video demonstrations. It consists of two types of nodes:
object nodes and motion nodes. These nodes are connected
by directed edges, which depict the preconditions and effects
of actions. The functional unit is the fundamental building
block of FOON, representing a single action observed in the
video demonstration. It consists of one or more input nodes,
one or more output nodes, and a single motion node. The
input nodes specify the required state of objects before the
action, while the output nodes describe the resulting state
after the action is executed. The motion node represents
the action itself. Functional units provide a detailed and
vivid representation of the actions observed in the video
demonstrations. Figure 2 shows two functional units of
slicing an onion and placing onion to cooking pan. The
current FOON dataset (available in [10]) consists of 140
annotated recipes sourced from platforms such as YouTube,
Activity-Net [11], and EPIC-KITCHENS [12].

onion

<peeled>

<on [cutting board]>
knife ) slice
<clean> onion

<sliced>
=] <on [cutting board]>

1) pick-and-place

cooking pan
<on [stove>
<greased>
<contains: butter>

cooking pan
<on [stove> .
<contains: butter, onion>

<in [cooking pan]

Fig. 2: Two functional units from FOON depicting slicing
an onion and placing it to the cooking pan. Objects and
motions nodes are denoted by green circle and red square
respectively.

1) Task Planning with FOON: The utilization of FOON
(or similar knowledge representation structures [13], [14])
as a knowledge base for task planning offers several ad-
vantages, including the ability to provide recipe variations.
Task planning with FOON involves searching the network
to find a goal node and retrieving a path, referred to as a

task tree, that leads to achieving the desired objective. A
task tree consists of a sequence of functional units that need
to be executed to prepare the dish. To illustrate, consider
the task tree associated with boiling water, which comprises
actions such as placing a pot on the stove, pouring water,
turning on the stove, and turning off the stove. Each of
these procedural steps is represented by input object nodes,
signifying the prerequisites for executing the action; a motion
node, denoting the action itself; and output object nodes,
denoting the effect of executing the action. The task tree
retrieval algorithm proposed in [1], [15] focuses on finding
a path that utilizes only the ingredients available in the
kitchen. On the other hand, [16], [17] retrieves a plan that can
be executed with human-robot collaboration at home, while
[17] learns assembly task plans from non-expert demonstra-
tions using FOON. Nevertheless, these approaches have a
limitation when it comes to generating a plan for a task
that is not explicitly available in FOON. For example, if
a user asks for a plan to prepare a mango milkshake, but
there is no dedicated recipe for it in FOON, the system
may be unable to provide a plan, even if there is a recipe
for a banana milkshake. To address this limitation, a novel
task tree retrieval method [18] was introduced that can
learn from similar recipes in FOON and make necessary
modifications to match the user’s requirements. While this
approach introduces some level of generalization, the quality
of the generated plan heavily relies on the availability of
closely matched recipes in FOON. In this work, we leverage
LLMs to overcome this dependency on closely matched
recipes and generate high-quality task trees for any recipe,
thereby enhancing the flexibility and effectiveness of the task
planning process.

B. Related Works

In the domain of robotic cooking and task planning,
several strategies have been proposed to tackle the chal-
lenges associated with generating effective action sequences
for executing user instructions. One prominent approach
involves the use of knowledge graphs to address this chal-
lenge. Notably, the KNOWROB framework [19], [20] has
made significant contributions in this area by leveraging a
knowledge base constructed from data collected in sensor-
equipped environments. [21] introduced a task generalization
scheme that relaxes the requirement of having multiple task
demonstrations to perform tasks in unknown environments.
This scheme integrates the task plan with a knowledge
graph derived from observations in a virtual simulator. The
impact of knowledge graphs on a robot’s decision-making
process was further investigated in [22]. However, these
approaches heavily rely on the limited information contained
in their respective knowledge bases. In contrast, our approach
harnesses the power of Language Models (LLMs) to alleviate
the burden of creating a knowledge base, offering a more
comprehensive and flexible solution.

Recently, task planning with LLMs has become a promi-
nent area of research, capitalizing on LLMs’ impressive
language understanding and generation capabilities. Various
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studies have explored using LLMs to generate step-by-step
plans for long-horizon tasks. For instance, Erra et al. [23]
proposed an approach that employs LLMs to generate plans
for complex tasks. [24], [25], [26] have also utilized LLMs
for plan generation in different domains. However, these
works often do not explicitly consider the robot’s capability
to perform specific actions. One limitation of relying solely
on LLMs is the lack of interaction with the environment. To
address this limitation, SayCan [27] introduced a framework
that combines the high-level knowledge of LLMs with low-
level skills, enabling the execution of plans in the real world.
By grounding LLM-generated plans with the robot’s capabil-
ities and environmental constraints, SayCan bridges the gap
between language-based planning and physical execution. In
addition, recent research efforts such as Text2Motion [28],
ProgPrompt [29] have integrated LLMs with learned skill
policies. They exhibit trust in the LLM-generated plan and
proceed to execute it, whereas we focus on enhancing LLM’s
accuracy to generate an optimal task plan.

III. PROPOSED METHOD

Our objective is to develop a robust pipeline that gen-
erates highly accurate and executable task trees for robotic
operations. To achieve this, we employ a multi-step approach
that leverages the capabilities of LLMs and FOON. Initially,
we utilize ChatGPT [30] to generate a recipe based on
the user’s meal specifications. However, the output is in
natural language, which may pose challenges for direct robot
execution. To address this, we employ a fine-tuned GPT-
3 model to convert the recipe instructions into a task tree
format. Due to the uncertainty of the generative model, the
task plan may not be always correct or most efficient. To
enhance reliability and efficiency, we look for alternative
options in other task trees generated by GPT-3 or in FOON.
From these alternatives, the selected task tree is expected
to be accurate and easier for the robot to execute. A visual
representation of our pipeline and its key components are
presented in Figure 3. In the following subsections, we will
provide detailed explanations of each component.

-
User’s meal cooking fine-tuned
preference ClizietPr instructions GPT-3

task task task
- merge tree 1 tree 2 tree 3
super-FOON mini-FOON
task task
tree 4 tree 5
lsea,-ch lsearch

task tree 7 task tree 6

——>

‘ FOON

Fig. 3: Overview of our task tree generation procedure.
Starting with a meal specification as the query, our pipeline
generates a task plan represented as task tree 7.

A. Prompt engineering for recipe generation

Our system is designed to receive user specifications such
as dish, a list of desired ingredients or exclude certain ingre-

dients, gluten-free, vegetable-based, or non-dairy options. We
engine a prompt using the specifications and retrieve a recipe
from ChatGPT. For easier parsing, we have designed the
prompt to include numbered instructions within the response
of ChatGPT.

B. Converting instructions to a task tree

When a robot performs an action, several factors need
to be considered, such as preconditions, effects, and the
objects involved. Additionally, understanding the state of
these objects is crucial for determining the appropriate grasp
or manipulation technique [31]. However, extracting all this
information from a recipe written in natural language poses
significant challenges. To address it, we propose translating
the instructions into structured functional units that encapsu-
late all the necessary details. By organizing these functional
units into a task tree, we provide a step-by-step guide for the
robot to execute the task effectively. To accomplish this, we
created a dedicated dataset for fine-tuning a GPT-3 Davinci
model. This model takes a recipe as input and translates it
into a task tree. The dataset comprises 180 recipe examples
sourced from FOON, each consisting of natural language
instructions and a corresponding FOON task tree. Due to
the limitation of the maximum token count (at the time),
some recipes had to be divided into multiple parts, resulting
in multiple task trees for a single recipe.

C. Creating a mini-FOON

To address the potential presence of errors in the task plans
generated by the fine-tuned model, we adopt a strategy of
generating multiple task trees for the same recipe. Our aim
is to search for a task tree that is error-free and one that is
efficient for the robot to execute from the combined graph
mini-FOON. FOON has revealed that merging recipes in a
graph structure can lead to the emergence of novel cook-
ing methods. This merging process allows recipes to share
information and learn diverse approaches for accomplishing
subtasks. Inspired by this idea of exploring new paths, we
employ a similar graph structure to merge the five task trees
generated by GPT. This merged structure is referred to as a
mini-FOON.

1) Merging task trees: During the merging process, our
objective is to eliminate any incorrect functional units and
remove duplicates. An incorrect functional unit can arise in
two ways: (i) syntax error and (ii) an erroneous object-action
relationship. Syntax verification involves checking whether
the functional unit includes the necessary components such
as input and output objects, as well as a motion node.
Additionally, it verifies if each object has an assigned state.
On the other hand, validating the object-action relationship
poses the challenge of determining if the state transition for
an action is correct. To tackle this challenge, we compiled a
comprehensive list of all valid state transitions from FOON.
Based on this list, we can assess the correctness of a transi-
tion. For instance, if a transition such as “sliced — whole”
is not present in FOON, it would be identified as incorrect.

12706



Functional units that successfully pass the verification criteria
are then added to the mini-FOON.

D. Creating a super-FOON

We integrate the mini-FOON with the original FOON,
forming a combined network known as the super-FOON.
During this merging process, our primary focus is on node
consolidation, as the mini-FOON and FOON may use dif-
ferent names for the same object or motion node. To achieve
consolidation, we follow a set of basic rules. For instance,
we convert all object names to their singular form. We
observed that GPT-3 often generates plural forms such as
“strawberries” and “onions” while FOON represents them
as “strawberry” and “onion” respectively. By applying these
rules, we try to ensure consistency and compatibility between
the node names in the mini-FOON and FOON within the
super-FOON network.

E. Task tree retrieval

Taking the desired dish as the goal node, we employ a
search procedure similar to [16] to retrieve all paths leading
to the goal. We execute the same search algorithm in both
the mini-FOON and super-FOON. This approach often yields
multiple task plans, exceeding five in number, which may
differ in the number of cooking steps involved. For instance,
when preparing a banana milkshake, one plan may suggest
adding the whole peeled banana to the blender, while another
plan may propose cutting the banana in half before blending.
Once the incorrect functional units have been filtered out, the
task tree retrieval procedure does not select them. Instead, it
prioritizes the available correct functional units to construct
the task plan. For instance, if the functional unit for “slicing
an apple” is found to be incorrect in the first generated tree
but correct in the other four task trees, the search procedure
will choose the functional unit of slicing an apple from
those four task trees. From the generated plans, we must
select the most feasible one for the robot to execute. The
feasibility of executing an action depends on the robot’s
configuration. For example, a robot with only one hand
may find pouring easier than chopping. Consequently, the
success rate of executing a task tree varies among different
robots. Following the approach of [16], we assign a cost
value ranging from O to 1 to each action. These values are
determined by three factors: 1) the physical capabilities of the
robot, 2) its past experiences and ability to perform actions,
and 3) the tools or objects that the robot needs to manipulate.
A higher cost value indicates a more challenging action to
execute. Based on these costs, we select task tree 6 from the
mini-FOON and task tree 7 from the super-FOON. Ideally,
task tree 7 should never be worse than task tree 6 since the
super-FOON encompasses all the task trees from the mini-
FOON. Task tree 7 serves as the final output of this pipeline.
Figure 4 illustrates an example of cost optimization using
the super-FOON, where two pouring actions are preferred
over scooping due to the significantly lower cost assigned
to pouring (0.1) compared to scooping (0.4). We assigned a

low cost to pouring based on the successful pouring accuracy
achieved by Huang et al. [32], [33] with a robot.

IV. EXPERIMENTS AND RESULTS

Our experiment aims to assess both the quality of the
generated task trees and the associated execution costs.
Simultaneously, we seek to compare the performance of our
model in generating recipes across different dish categories.
To accomplish this, we curated a dataset consisting of 60
randomly selected recipes from the Salad, Drink, and Muffin
categories. These recipes were extracted from Recipel M+
[34], a comprehensive collection of over one million recipes
encompassing a wide range of dish types and ingredients.
For more experiments, please refer to our recent article [35]
on consolidating task trees.

A. Evaluation Metric

Validating the plan of a cooking task in an automated
manner is challenging due to the absence of a fixed method
for preparing a dish. Two task plans for the same dish can
differ in their cooking approaches, yet both can be deemed
correct. As a result, manual verification becomes necessary.
However, the original format of a task tree can be difficult
for humans to comprehend. To address this, we convert the
task trees into progress lines as used in [18] to illustrate
how the ingredients are manipulated and undergo changes
throughout the cooking process. This simplified visualization
facilitates the detection of errors in the task plan by humans.
We consider a recipe correct if the progress lines for all
ingredients used in the recipe are accurate. A progress line
example for a Greek Salad recipe is provided in Figure 5.

B. Task Planning Accuracy

We employed four different methods to generate task trees
for the selected recipes. The quality of the generated trees
was assessed using the progress line, and the corresponding
accuracy results are shown in Figure 6. When relying solely
on FOON, the task trees obtained for Salad and Drink
recipes exhibited good quality. This was expected as FOON
contained an ample number of recipes (10 each) for these
categories. However, for Muffin recipes, the quality of the
generated task trees suffered due to the scarcity of available
examples in FOON (only one recipe). The FOON-search
based approach heavily depends on finding a similar recipe in
FOON as a reference for making necessary modifications to
the task plan. Consequently, a high number of adjustments
were required, leading to inaccuracies in the task plan. In
the case of the fine-tuned GPT-3 model, errors in functional
units frequently resulted in task plan failures. However,
the introduction of the Mini-FOON helped mitigate these
errors by providing a wider range of alternatives to achieve
the desired objectives. Integrating FOON into our approach
enabled us to choose a path from a broader set of options,
resulting in higher accuracy. Compared to [18], our approach
achieved a 4% higher accuracy for Salad, 6% higher accuracy
for Drink, and a significant 45% higher accuracy for Muffin
recipes. Notably, our fine-tuned model demonstrated good
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bowl
<empty>
0) scoo flour
flour ) P <in [bowl]>
<in [jar]>
. 1) pour
milk )P bowl
<in [glass> <contains: flour,milk>

flour mixture 2) mix
<mixed>

<contains: flour,milk>

(a) cost of execution = 0.7

spoon
<clean>

measuring cup

<empty>
flour 0) Vc-> .
in [jar u ’
<in bark> PO fiour
. <in [measuring cup]>
<empty> <in [bowl]>
milk 2)pour " powl _ .
<in [glass> / <contains: flour,milk>
3) mix SpoON
Moy mixture Boan>

<contains: flour,milk>

(b) cost of execution = 0.5

Fig. 4: Example of cost optimization: Comparison between task trees retrieved from the mini-FOON and super-FOON. The
assigned costs for scooping, pouring, and mixing are 0.4, 0.1, and 0.1 respectively. (a) The task tree from the mini-FOON

(b) The task tree from the super-FOON.

1. Tomatoes

whole ---> pick-and-place ---> whole(cutting board) ---> chop ---> diced(cutting board) --->
pick-and-place ---> (mixing bowl) ---> pour ---> diced(mixing bowl) ---> mix

End product: Greek salad

2. Lemon
halved ---> squeeze ---> (mixing bowl) ---> mix

End product: Greek salad

3. Oil_olive
liquid(bottle) ---> pour ---> liquid(bowl) ---> pour ---> (mixing bowl) ---> mix

End product: Greek salad

4. Feta_cheese
crumbs(container) ---> scoop ---> crumbs(spoon) ---> pour

End product: Greek salad

5. Avocado

unpeeled,whole ---> pick-and-place ---> unpeeled,whole(cutting board) ---> cut --->
slit,unpeeled(cutting board) ---> pull apart ---> halved,unpeeled(cutting board) ---> peel ---
> halved,peeled(cutting board) ---> dice ---> diced(cutting board) ---> mix

End product: Greek salad

6. Olives

seeded(container) ---> scoop ---> seeded(spoon) ---> mix

End product: Greek salad

Fig. 5: Progress lines for a Greek Salad recipe.

accuracy for Muffin recipes, despite not being specifically
trained on this particular dish. This highlights the significant
advantage of employing an LLM. Once the LLM is fine-
tuned to comprehend the structure of a task tree, it can
effectively generalize to various types of recipes.

B FOON M finetuned GPT-3 mini-FOON M ours

80

Accuracy

Salad Drink Muffin

Dish Type

Fig. 6: Comparison of different approaches’ accuracy on
Salad, Drink, and Muffin dishes.

C. Execution cost

The objective of this experiment is to evaluate the extent
to which our approach can optimize the execution cost of
recipes. If a recipe cannot be optimized, it implies that there
are no superior alternatives in FOON compared to the initial
output generated by the fine-tuned model (task tree 1). In
Figure 7, we present the number of optimized recipes by
generating different numbers of task trees. When the number
of task trees is 2, and we select the plan with the lower
cost, it yields a better solution in 5% of the cases. Similarly,
by gradually increasing the number of task trees up to 5
and selecting the one with the minimum cost, we obtain a
better solution in 15% of the cases. More optimization occurs
when we choose task tree 6 from the Mini-FOON, as it
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combines subtasks from five different task trees, resulting in
a lower cost. Ultimately, task tree 7, the final output from our
pipeline, maximizes the advantages of FOON and minimizes
the execution cost compared to task tree 1 in 40% cases.

40
30

20

Percentage of recipes

Task tree

Fig. 7: Number of recipes that were optimized by generating
varying numbers of task trees in comparison to Task Tree 1
(generated by the fine-tuned model).

V. DISCUSSION
A. Finetuning a GPT-3

We examined how the model’s understanding of the task
tree structure improves with the addition of new training
data (Figure 8). Initially, the training began with a dataset
consisting of only 30 examples. Consequently, the model
struggled to grasp the syntax of functional units, resulting
in grammatical errors in the generated functional units. For
instance, it would include multiple motion nodes within a
single functional unit, whereas, according to the definition,
a functional unit should contain only one motion node. As
we increased the number of recipes, the model gradually
reduced its syntactical errors. However, it still exhibited
logical mistakes, such as incorrect state transitions or missing
actions. Finally, after finetuning with 180 examples, the
model achieved an accuracy of 67%.

80
60

40

Accuracy

20

0 30 60 920 120 150 180

Training set size

Fig. 8: Impact of training dataset size on model accuracy.
B. Executing a task tree

A task tree provides a high-level plan that lacks interaction
with the environment. However, executing actions often re-
quires additional information, such as the geometric position

of objects or the initial quantity of ingredients in a container.
For instance, a task plan might involve adding ice to an
empty glass, but the glass could be positioned upside down
on a table. Therefore, before pouring the ice, the glass would
need to be rotated back to its original position. This crucial
step is missing in our high-level planning. Hence, there is
a need for hierarchical planning, where the task tree can be
converted into a low-level plan that can be executed in the
real world. Paulius et al. [36] proposed a method to convert
a task tree into a representation using Planning Domain
Definition Language (PDDL) [37]. Each functional unit is
treated as a planning operator, and a plan is generated based
on the robot’s low-level motion primitives.

C. Limitations of our approach

(i) The generation of a task tree involves making 5
API calls to the fine-tuned model. Each API call takes
approximately 5 seconds, resulting in a slow pipeline. The
focus of this research was not on time complexity. In
the future, if we aim to enhance the system’s speed, it
may be necessary to explore fine-tuning locally installed
LLMs. (ii) The generated plan sometimes introduces new
names for ingredients, states or motions such as garnish.
These unknown labels in functional units pose a challenge
when attempting to find alternative options in FOON, as
proper mapping to existing functional units becomes difficult.
Furthermore, the detection of incorrect transitions is also
hindered, as the possible transition list may not include these
new labels. (iii) A fine-tuned GPT-3 model has a limitation
where the combined query and completion cannot exceed
2048 tokens. Due to this constraint, generating a task tree
becomes challenging when dealing with complex recipes that
require a higher number of functional units.

VI. CONCLUSION

In this study, our objective was to propose a novel pipeline
for task tree generation, leveraging the advantages offered by
LLMs. We utilized ChatGPT to respond to user queries, and
then fine-tuned a GPT-3 model to convert the response into a
task tree representation. To enhance the accuracy and execu-
tion cost of the task tree, we integrated the output of the fine-
tuned model with FOON, exploring multiple possibilities
to achieve the desired objectives. Through our experiments,
we demonstrated its superior performance, highlighting its
remarkable generalization capabilities. In future, we intend
to focus on addressing the challenges of task tree correction
and re-planning in cases of planning or execution failures. It
is worth noting that our pipeline exhibits a high degree of
flexibility, allowing for the seamless substitution of GPT and
FOON with more advanced Language Models or knowledge
networks. We aim to incorporate image inputs into our
system by utilizing the newly released GPT-4, which can
handle both textual questions and accompanying images.
This would allow users to upload images of dishes and
inquire about their preparation methods.
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