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Abstract— In the field of robot manipulation, learnable task
planners are gaining attention, especially for long-horizon tasks
such as cooking. However, existing methods that predominantly
rely on symbolic representations suffer from limitations in
generalization capabilities, particularly in handling unseen ob-
jects. Given that objects may vary in real-world environments,
this limitation may constrain their practical applicability. To
address this issue, we propose a novel task-planning framework
that leverages a pretrained large language model (LLM) for
environmental interpretation. Our proposed framework ex-
tracts semantic features directly from textual data, enabling
the planner to accommodate unfamiliar objects. We further
incorporate a transformer-based encoder-decoder framework to
understand environmental attributes derived from the language
model and generate sequential predictions in line with object-
oriented subgoals. To validate the effectiveness of our model, we
utilize a dataset focused on cooking recipes. Going a step fur-
ther, we propose a method that automatically generates object-
oriented data from natural language description using recurrent
LLM, enhancing the framework to manage previously unseen
targets as well. Our framework shows an average success rate
of 95% when validated with test sets that involve unseen
objects. By providing the automatically generated dataset to
the framework, we achieve a significant 27% increase in success
rate on unknown target recipes. We also provide evidence of the
real-world viability of our planner by successfully deploying it
on a robot platform.

I. INTRODUCTION

There is an increasing research interest aimed at enabling
robots to execute long-horizon tasks, such as cooking [1]–
[5]. Constructing task plans for real-world applications of
long-horizon tasks is challenging because it requires a deep
understanding of the domain and its sequential logic. In real
life, many alternatives within the object domain may exist.
For example, as shown in Fig. 1, when generating a sequence
of task plans for a target recipe like a ‘sandwich’, ingredients
such as ‘ham’ can be replaced with ‘bacon’, ‘turkey’, and
so on. To utilize the recipe with multiple variations of a
given object, an intelligent agent must possess a contextual
understanding of the recipe’s requirements and a grasp
of the interrelationships among the provided ingredients.
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Fig. 1: (a) Conventional approaches based on symbolic
representation are incapable of generating task plans when
encountered with unseen objects due to their reliance on fixed
domains. (b) In contrast, our framework utilizes features
from the Large Language Model (LLM) with fixed parame-
ters to interpret the environment linguistically and feed these
features to a learnable model, enabling it to handle previously
unseen objects in real-world scenarios and generate sub-goals
for long-horizon cooking tasks.

Conventional approaches [6]–[8] have often been reliant on
symbolic task planners [9], [10], where planning domains
are explicitly predefined by human experts. While effective
to an extent, these predefined domains inherently limit the
planner’s ability to adapt to unseen objects or environments,
thus limiting their applicability in real-world scenarios [11],
[12].

To address these issues, recent studies have employed
deep-learning-based task planners [1], [13], [14] that derive
environmental insights directly from visual scene images.
However, despite their advantages, which enable the under-
standing of an unconstrained environment, these methods
still present certain challenges. Primarily, the implemen-
tation of image-based environment understanding requires
substantial data and computational resources as images
are composed of various complex visual cues [15]–[18].
However, the structural data for robot learning requires a
vast amount of human labor, which limits the size of the
dataset and the capability of task planners. Secondly, image-
based methods make an implicit assumption of possessing a
complete understanding of the observed environment. In the
real world, environments frequently exhibit characteristics
of non-determinism or partial observability [19]–[21]. In
practical scenarios, robots may inadvertently omit certain
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environmental facets, and unforeseen additions or environ-
mental changes may occur during task execution. Existing
image-based approaches are challenged by accommodating
such dynamic and uncertain conditions, thereby constraining
the adaptability of the task planner.

We introduce a novel framework utilizing a pretrained
large language model (LLM) to extract semantic features
directly. Unlike image-based methods, this approach signif-
icantly reduces the need for extensive datasets and compu-
tational resources. Thus, it tackles the challenges of non-
determinism and partial observability by using the natural
variability in human language descriptions of objects and ac-
tions within a task sequence. The natural language inputs are
transformed into expressive feature representations through
a pretrained LLM, which provides flexibility beyond the
constraints of predefined symbolic representations. To further
enhance this capability, we utilize an external memory-based
encoder-decoder neural network architecture to comprehend
these features and create a sequence of subgoals, guiding the
robotic actions in a structured manner.

Additionally, we present a method employing an autore-
gressive LLM, such as GPT-3 [22], to transform natural
language description into an object-oriented structure. De-
spite the success of LLM, such as CLIP [23] or GPT [22]
in linguistic tasks, their application in robotics has been
limited by the challenge of translating diverse language
inputs into actionable instructions. Our approach involves
creating a pseudo dataset from internet-collected natural
language description and converting it into an object-oriented
structure for training our task planning framework. The inte-
gration of an LLM for task planning represents a significant
advancement, enabling the integration of newly acquired
knowledge from online sources into our planning process.
This enhances the capability of robots to perform complex
tasks with improved adaptability and knowledge.

Our key contributions are as follows:
• We demonstrate the effectiveness of our task planner

integrated with the Large Language Model (LLM) to
enhance adaptability through various real-world envi-
ronments.

• We propose an encoder-decoder style framework for our
task planner, which successfully captures the semantic
features from LLM and generates subgoals across dif-
ferent tasks.

• By leveraging an auto-regressive LLM, we introduce
a method to automatically generate a pseudo dataset
to learn unknown knowledge, thereby enhancing the
capability of our framework.

• We demonstrate the efficiency of our framework with a
robotic platform. The proposed approach has a success
rate of 95% for long-horizon cooking tasks.

II. RELATED WORKS

A. Object-Oriented Task Planner
Previous approaches in task planning mainly employ the

Planning Domain Definition Language (PDDL) [24], a plan-
ning language based on symbolic representations within a

predefined domain. Heuristic rules predefined by experts are
often used to effectively search the optimal subgoals [6]–[8].
Furthermore, there has been a growing interest in investi-
gating the capabilities of learning-based task planners [1],
[13], [14], [25]–[27]. Employing various initial conditions,
such as symbolic representations or initial scene imagery,
these works generate task plans sequentially based on various
neural network models, including recurrent neural networks
[1] and graph neural networks [13].

Recent research [4], [5], [28] have adapted such method-
ologies for long-horizon tasks such as cooking recipes and
proposed a Functional Object-Oriented Network (FOON)
which effectively represents the relation between actions,
objects, and the consequent state transition of these objects
during the execution of a task. However, despite these
improvements, existing task planners still rely on predefined
domains. This constraint limits the possibilities of using it in
real-world scenarios where the robot may encounter unseen
objects. Our proposed approach leverages the capabilities
of pretrained large language models (LLMs) to facilitate
understanding and interaction with diverse objects upon the
rich semantic information composed in the pretrained model.
Consequently, this eliminates the requirement for predefined
domains, empowering the model to generate subgoals even
when presented with unseen objects, thereby improving its
efficiency in real-world applications.

B. NLP-based task planner

Leveraging a pretrained LLM to robot task planners pro-
vides flexibility in understanding real-world domains. Vari-
ous studies have employed pretrained embeddings [29], [30].
[29] extracted visual features using ResNet [31] and BERT
[32] to comprehend both semantic and spatial knowledge.
[30] leveraged CLIP [23], which jointly understands visual
and linguistic information in a multi-modal manner. These
works, however, generally do not accommodate long-horizon
tasks that necessitate an understanding of extended con-
textual information. Emerging methodologies have started
exploring the automatic generation of subgoals for task
planners by leveraging an auto-regressive LLM [11], [33]–
[35]. Based on generated prompts that are conditioned to
salient information and robotic capabilities, these models
generate text outputs that implicitly denote the subgoal
actions. However, the auto-regressive LLM is not strictly
conditioned to the specific robotic architecture or the en-
vironmental constraints, leading to the potential output of
unfeasible objects or incomplete task plans. Such mismatches
can result in execution failures. To address these concerns,
our framework is designed to generate subgoals that comply
with the given environmental constraints, thereby mitigating
the risk of task execution failures.

III. METHOD

Our primary objective is to train a neural network to ef-
fectively learn long-horizon task planning through supervised
learning. In this section, we define a problem formulation for
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Fig. 2: Illustration of the proposed object-oriented task planner. Given a recipe name and a list of ingredients as initial input,
the model understands the environment in a linguistic feature, aggregates the ingredients through an object encoder, and
feeds the representation token into a sequential decoder to generate subgoals that perform a target recipe.

cooking task planners. Then, we introduce our novel encoder-
decoder framework, as illustrated in Fig. 2. Our framework
understands the given environment by leveraging the features
of each recipe and ingredient from LLM and generates
sequential subgoals. Lastly, we describe our strategy to
augment the dataset by generating a pseudo-dataset using
natural language description using autoregressive LLM based
on well-crafted prompts.

A. Problem Statement

The task planner should discern the given environment
(e.g., cooking) and generate an action sequence in an object-
oriented structure for a robot to execute in the real world.
The input consists of the name of the target recipe, wtgt,
and a list of ingredients, Wing = [w1

ing, w
2
ing, . . . , w

n
ing],

where n is the number of the ingredients. The role of the task
planner is to generate object-oriented sub-goals sequentially.
The sub-goal of the task planner encompasses three primary
predictions: intended robot action, objects involved in the
action, and inter-relationship between objects. For example,
to make a ‘sandwich’, our task planner generates a sequence
of object-oriented subgoals such as (Action: “Pick and
Place”, Object: “Onion”, relation : (“In”, “bowl”)) leading
up to (Action: “Chopped”, Object: “Onion”, relation : (“On”,
“Cutting Board”)).

B. Task Planning Framework

We split our proposed language-based task planner frame-
work into three main modules. First, in Section III-B.1,
we describe a pretrained linguistic encoder used to extract
features from verbal descriptions of the environment. Next,
Section III-B.2 introduces an object encoder that discerns
specific features of individual ingredients and aggregated
features for a given set of ingredients. Lastly, we elaborate
on a sequential decoder that iteratively generates sub-goals
for the target recipe in Section III-B.3.

1) Linguistic Encoder: By leveraging a pretrained LLM
with a massive corpus dataset, we can extract latent em-
beddings that compose rich semantic features directly from

linguistic annotations. We employ a pretrained text encoder
from CLIP and extract latent embeddings. Given the list
of ingredients Wing and the name of target recipe Wtgt,
we utilize the class token from CLIP or BERT as a latent
embedding that represents each word, as below.

rtgt = fLLM (Wtgt) ∈ R1×d, (1)

ring = fLLM (Wing) ∈ Rn×d, (2)

where fLLM denotes the pretrained LLM, rtgt and ting
represent the semantic features of the target recipe and the
ingredients, respectively.

2) Object Encoder: As mentioned earlier, a recipe can
possess multiple variations that may replace each ingredi-
ent. To successfully generate a sequence of subgoals with
diverse variations of ingredients, it is important to grasp
the individual essence of ingredients and understand their
synergistic interactions. By feeding the previously extracted
latent embeddings through a transformer-based encoder, we
assume that the semantic feature of each ingredient can be
successfully obtained to make a target recipe, as below.

rin = (ring ∥ rtgt), (3)
E = MHAenc(rin, rin, rin), (4)

where ∥ denotes the concatenation operation and MHAenc

represents the multi-head attention layer, utilizing query, key,
and value inputs. We follow the approach in BERT [32],
where a special class token is utilized to capture the semantic
features of an entire sentence. We adopt the final vector
from the encoder’s output for the last input token, rtgt, as
a representative token embedding. We denote this token as
etgt and assume it as a comprehensive representation of the
ingredients for the target recipe.

3) Sequential Decoder: Based on the representative token
etgt, our goal is to sequentially generate sub-goals, each of
which considers both the current environment and the preced-
ing state. To facilitate this, we adapt a novel transformer layer
that incorporates external memory, allowing it to selectively
retain the previous features and recurrently update them with
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new features that consider the current state information. We
facilitate this by utilizing cross-attention, as shown below.

ht = MHAdec(etgt,Mt−1,Mt−1), (5)
mt = GRU(etgt, ht) (6)
Mt = [m1,m2, . . . ,mt], (7)

where at time step t, our proposed decoder MHAdec takes
in etgt as query and duplicates the external memory from the
previous step Mt−1 to serve as both key and value. This pro-
cess leverages the external memory of every previous stage,
preventing challenges such as gradient vanishing, which can
often be found in conventional recurrent neural networks.
However, the continuous accumulation of external memory
from every previous step is computationally inefficient and
may include irrelevant information, which could complicate
understanding subsequent tasks.

To address this, we retain the external memory for each
step using the strategies used in the recurrent neural network
[1], which employs past features to discard non-essential
elements, retaining only the crucial features through a gating
mechanism at every iteration. Consequently, this method
saves only indispensable sequential information to the ex-
ternal memory, thus lowering the required computational
overhead. Lastly, we feed the output of each time step mt

to a fully connected layer to extract subgoals composed of
action, object, and relation, respectively, for each time step

ytobj = Wobjmt + bobj , (8)

ytact = Wactmt + bact, (9)
ytrel = Wrelmt + brel, (10)

where ytobj , ytact and ytrel represent the class probabilities
of selecting the optimal ingredients, action, and relationship
between the objects at time step t, respectively. We train
our task planner end-to-end by minimizing the binary cross
entropy loss for action prediction and the negative log-
likelihood loss for object and relation prediction for every
time step. We formulate the action prediction as a multi-
label classification, as multiple actions for each object can
happen.

C. LLM-Driven Data Generation

Training a task planner for long-horizon tasks requires a
comprehensive dataset. However, creating such a dataset in
an object-oriented format is demanding due to the precision
needed in manual annotations. To mitigate this challenge, we
propose a strategy to utilize a recursive LLM, such as GPT-3
[22], as illustrated in Fig. 3, to automatically convert real-
world natural language descriptions into an object-oriented
format through well-crafted natural language prompts. This
method creates a pseudo dataset that facilitates the learning
of unseen knowledge without the need for additional human
intervention.

Due to the limited size of the training dataset, the
framework may encounter an unfamiliar target recipe when
generating sub-goals. To overcome this, we enhance our
dataset with descriptions from the Recipe 1M+ dataset [36],

Task Planner

Natural Language Description 

{Butter, heat, saucepan}

{Saucepan, pick&place, garlic}

{Saucepan, stir, None}
…

1. Heat butter in 2 qt saucepan over low 

heat until melted

2. Add garlic.

3. Stir in flour and salt
…

Crawled Text
Retrain

Target  

Recipe

If Target Unknown

Object-oriented

Recursive Large-

Language Model

Fig. 3: Visualization of the process for generating a pseudo
dataset. When the unknown target is given, we crawl the
target recipe in a natural language description format to
convert it into an object-oriented structure and retrain our
task planner to obtain unexploited knowledge.

which contains natural language descriptions from inter-
net crawling. Initially, we store the titles of recipes that
were used to train our framework. We then measure the
semantic similarity between the stored titles and titles from
the Recipe1M+ dataset using the cosine distance. From the
dataset, we identify unseen recipes by selecting those with a
similarity score below a predefined threshold.

To supplement the knowledge of our task planning frame-
work, we select the unseen recipe descriptions formatted
in natural language. We concatenate the selected natural
language descriptions with in-context prompts that reflect
the capabilities and constraints of the robot, guiding GPT-3
to translate language into object-oriented structures. Outputs
that fail to meet the criteria are discarded, such as suggest-
ing impractical objects not described in the environmental
constraints or incomplete structures that fail to satisfy object-
oriented requirements. This selection process is repeated with
another unseen recipe description when discarded until a
viable output is obtained. With these outputs, we generate a
pseudo-dataset to train our framework, significantly improv-
ing its ability to adapt and incorporate unseen knowledge.

IV. EXPERIMENT

This section describes the details of our training process,
robot implementation, and the validation process. Our study
has three primary goals: to validate the effectiveness of our
framework when encountering unseen objects in real-world
situations, to analyze how different architectural choices
impact the performance of our framework, and to assess the
applicability of our data generation method when dealing
with previously unseen recipes.

A. Training Details

To train our framework, we utilized an object-oriented
structured dataset based on online cooking instructional
videos used in FOONets [5]. We utilized 20 raw recipes (e.g.,
club sandwich, banana pudding, etc.), including 160 ingredi-
ents and 8 actions. We constructed 20k samples from those
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recipes by applying two augmentation methods. One involves
object replacement, where we substitute ingredients used in
a recipe with different ingredients. We used the synonym
dictionary and reference recipes from the Recipe1M+ dataset
to create a list of replaceable ingredients. For example,
we could find multiple recipes for club sandwiches, where
some recipes did not use hot sauce and used mayonnaise
or mustard instead. By replacing the replaceable ingredients
with others, we were able to augment the dataset. The other
is order replacement, which entails rearranging the sequence
of target objects within the same action and relation. For
the sub-goals with the same action and relation, we assumed
the action happened simultaneously and that changing the
order would not harm the cooking process. Using these
augmentation methods, we generated 1,000 recipe samples
for each recipe.

We used 18k samples as a training set and 2k samples
as a testing set. To show the effectiveness of our model
in treating unseen objects, the test set contains more than
one ingredient that is unseen from the training set. While
these unseen ingredients are unable to be treated in the
conventional task planning methods that employ predefined
domains, the proposed method may effectively treat various
objects from the real world due to its capacity to interpret and
adapt based on linguistic features extracted from a pretrained
large language model.

For generating the pseudo dataset as described in Section
III-C, we undertook the following procedures. Initially, we
selected 50 recipe names from the Recipe1M+ dataset that
were not part of the original training dataset. For each recipe,
we gathered their natural language descriptions from the
dataset, matched them with well-crafted prompts, and used
GPT-3 to transform them into object-oriented structures. This
procedure was repeated to obtain 10 detailed object-oriented
structured datasets for each recipe. We then applied an object
replacement strategy to the pseudo-generated recipes, which
increased our dataset by adding 1,708 new samples. Of these,
1,000 were allocated for training, and the remaining 708
were allocated for evaluation. To guarantee the integrity of
the evaluation, we manually re-labeled the evaluation sets to
verify that each data represents a complete cooking recipe.

For model training details, we use the Adam optimizer
with an initial learning rate of 1e-4. The encoder and decoder
each consist of a transformer with two fully connected
layers, each with a hidden dimension size of 512, the GELU
activation function, layer normalization, and four attention
heads.

B. Evaluation Metric

Our objective is to assess the quality of the generated sub-
goals for complex cooking tasks, which often involve multi-
ple concurrent actions. This complexity makes it challenging
to compare the sub-goals to a fixed ground truth reference
directly. To effectively validate the quality of the generated
sub-goals, we used a strategy known as the progress line
[37]. In cooking, ingredients undergo various state changes,
including changes in actions, objects, and the relationships

FOON Unseen Pseudo Average
RNN 91.84 31.85 60.85 61.51
Trnsf 94.95 22.57 61.32 59.61
Mem 93.45 30.88 61.30 61.88
Ours 95.40 35.07 62.12 64.20

TABLE I: Success rate of different architectures and datasets.

between objects. We refer to these sequences of state changes
as progress lines. To evaluate the accuracy of the generated
sub-goals, we align each sub-goal with the corresponding
progress line in the ground truth data. A generated sub-
goal was considered successful if it was correctly aligned
with its corresponding progress line. However, if a generated
sub-goal is partially incorrect (e.g., involving an incorrect
action or object), we classified it strictly as a failure. We
calculated the success rate by determining the percentage of
generated sub-goals that successfully align with the ground
truth progress lines.

C. Real Experiments

To validate the practical applicability of the generated
recipes in real-world scenarios, we conducted experiments
using the 6-DOF UR5e robot arm equipped with a Robotiq-
2F-85 gripper. We note that our study did not consider
motion planning as this work primarily focuses on long-
horizon task planning. Instead, we executed robot movements
based on predefined actions and object positions.

We provide snapshots of two distinct processes in Fig 4,
both targeting a recipe ‘chocolate brownie’ but with varying
sets of ingredients. In the upper figure, the environment
contains an additional ingredient, ‘vanilla extract’, which
was not part of the training process. Guided by the goal
of creating a ‘chocolate brownie’ and the list of ingredients,
our task planner adaptively generated a sequence of sub-
goals. The experiments resulted in the successful picking
and placement of butter, a cup of water, and brownie mix
in a small bowl and stirring the ingredients. Afterward,
ingredients such as vanilla extract, egg yolk, and sugar
were added and stirred once more before being placed into
the oven. Conversely, in the lower figure, we explored the
scenario of substituting ‘vanilla extract’ with ‘lemon’. It
is important to emphasize that ‘lemon’ was not part of
the training data for a ‘chocolate brownie’. Nonetheless,
leveraging the features extracted from CLIP, our task planner
adaptively generated a sequence of sub-goals accommodating
the new ingredient. These examples underscore the capability
of our proposed framework to accommodate and effectively
manage previously unseen ingredients.

D. Architectural Validation

1) Encoder-decoder evaluation: To assess the effective-
ness of our framework, we employed two primary archi-
tectures widely used for task planning, recurrent neural
network (RNN) [1] and transformers (Trnsf) [38], [39],
alongside a variant that incorporates external memory into
the conventional transformer framework which we call Mem.
The results of these approaches are summarized in Table I.
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Fig. 4: An example of a real-world setup for two different sets of ingredients with the same target recipe. Each entity in the
box denotes objects (top), actions (middle), and related objects (bottom) in an object-oriented structure.

We categorized the results into three groups: the results of
supervised learning using FOONets as FOON, the results
of unsupervised learning with unseen data as Unseen, and
the results from retraining with pseudo-generated dataset as
Pseudo. In supervised learning, the RNN method showed the
lowest performance, underscoring the enhanced capability of
transformer-based approaches to more effectively understand
complex natural language features. In unsupervised learning,
the basic transformer approach had the lowest success rate,
which was significantly improved by 8.31% upon integrating
the external memory. This demonstrates the benefits of an
external memory structure for enhanced generalization in
task sequence creation. Notably, our approach achieved the
highest success rates across all cases, demonstrating that our
framework effectively leverages the benefits of both RNNs
and transformers in creating detailed task plans sequentially.

2) Pseudo data validation: Success rates for testing 50
distinct recipes that were not previously encountered are
shown in Table I. We assessed the capability of our frame-
work to generate task plans for these unseen recipes through
unsupervised learning. Subsequently, we created a pseudo
dataset tailored to these target recipes to retrain our frame-
work. The retraining significantly enhanced the success rate
of our framework by 27.05%. Consequently, it improved
success rates across all scenarios, with an average increase of
31.30%. This constant enhancement in success rates across
different models underscores the effectiveness of our method
in adapting previously unknown information without the
need for manual annotations.

3) Augmented size of dataset: We assess the model’s
success rate by varying the dataset size to 2k, 6k, 10k, and
18k samples. For each size, we augment it with an additional
100, 300, and 500 samples per recipe, respectively. The
success rate for each dataset configuration is evaluated using

the same test set comprising 2k non-overlapping samples.
Specifically, with training dataset sizes of 2k, 6k, 10k and
18k, we achieve success rates of 52.75%, 91.76%, 92.49%,
and 95.40%, respectively. Notably, increasing the dataset
size results in significant improvements, highlighting the
effectiveness of linguistic augmentation.

4) Large Language Models: We employed three different
LLM: BERT [32], DistilBERT [40], and CLIP [23]. While
BERT and DistillBERT focus on linguistic features, CLIP
is trained to learn both linguistic and visual features in
a multi-modal manner. We achieved 95.06%, 94.87%, and
95.40% with BERT, DistillBERT, and CLIP, respectively.
Although the performance differences are not substantial,
it is noteworthy that CLIP, which leverages multi-modal
pretraining, exhibited the best results. This suggests that
LLMs pretrained with a multi-modal approach enhance fea-
ture extraction capabilities for generating real-world tasks,
possibly benefiting from including visual cues within the
linguistic features.

V. CONCLUSION

In this work, we have leveraged pretrained Large Lan-
guage Models (LLMs) to propose a language-based learnable
task planner. The proposed task planner understands the
environmental attributes in linguistic terms, enabling robots
to work with unseen objects and targets in long-horizon
cooking tasks. Furthermore, we have presented a method
for additionally training task planners in an unsupervised
manner, using an LLM to produce a pseudo dataset from lan-
guage descriptions automatically. Our task planner achieved
a success rate of 95.4% for cooking tasks involving unseen
objects. We believe that the LLM-based architecture of our
task planner could be broadly applied to various real-world
tasks as well.
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