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Embedding Large Language Models into
Flow Controls: An Agentic Framework for
Adaptive and Trustworthy Automated Cooking

Zihan Song, Hongwei Huang, Yueshuo Sun, Yonglin Tian, Fei-Yue Wang, and Bai Li

Abstract—Automated cooking robots have traditionally relied
on predefined procedures and rule-based control, ensuring stable
execution but offering limited personalization, whereas recent
large-model approaches support natural language interaction but
often suffer from opaque decision making and unreliable execu-
tion in real Kitchens. To address this challenge, this paper
proposes an agentic framework that systematically decomposes
personalized cooking requirements into structured and verifiable
control programs rather than directly mapping language to
actions. Multiple artificial intelligence (AI) agents collaboratively
transform user intents into canonical recipes, workflow programs
with explicit flow control, and executable Python code grounded
in an atomic action library. The system consists of three tightly
coupled stages: offline recipe-to-code generation through multiple
agents, online closed-loop execution with supervisory intervention
enabled by multimodal perception, and post-run adaptation that
updates user preference models for long-term personalization.
Real-world experiments on a physical cooking platform demon-
strate that the proposed framework achieves reliable task comp-
letion, transparent execution logic, and effective anomaly hand-
ling across diverse personalized scenarios, validating its practical-
ity for trustworthy automated cooking in real environments.

Index Terms—Automated cooking, large language models, artifi-
cial intelligence (AI) agent, flow control, human-machine interaction

1. INTRODUCTION

OOKING has long relied on human labor, yet human-
centered cooking suffers from two inherent limita-
tions. First, cooking outcomes are difficult to repro-
duce consistently: different chefs naturally produce different
results, and even the same chef may vary across time or condi-
tions, leading to unstable taste and quality. Second, human
cooking entails high labor and training costs, frequent
turnover, and limited process control, while subjective judg-
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ment and convenience-driven decisions further introduce
uncertainty [1]. As industrial automation advances, it is
increasingly inevitable that machines assume cooking tasks
requiring consistency, repeatability, and cost efficiency [2],
much like the ongoing transition from manual to autonomous
driving.

In response, automated cooking robots have gradually
emerged. Early systems primarily focused on basic automa-
tion through demonstration, rule-based control, or predefined
workflows, enabling stable dish reproduction and partial cost
reduction. However, such systems typically produce uniform
outputs and cannot accommodate individual preferences
related to taste, dietary habits, or health constraints. As expec-
tations evolve, automated cooking systems are required not
only to operate reliably but also to adapt flexibly to personal-
ized demands [3].

Recent advances have introduced large language models
(LLMs) and embodied intelligence into cooking automation,
allowing systems to interpret natural-language requests and
generate complete cooking actions end-to-end. While these
approaches appear to support personalization, they largely
function as black-box decision-makers, lacking explicit inter-
mediate representations and auditable execution logic, which
raises concerns about reliability and safety in real cooking
environments [4].

To mitigate these issues, some studies have explored struc-
tured and interpretable representations of recipes, decompos-
ing cooking processes into explicit workflows and atomic
actions. Although such methods improve transparency at the
planning level, they are often limited to offline execution and
lack mechanisms for online sensing and feedback correction
[5]. When real-time adjustments are incorporated, inter-
pretability is frequently lost again.

Thus, the existing automated cooking solutions have yet to
simultaneously achieve automation, personalization, transpar-
ent execution, and online adaptivity throughout the cooking
process. Addressing these requirements within a unified and
practical framework remains an open challenge.

A. Contributions

The contributions of this work are summarized as follows:

(1) We propose an agentic framework for automated cook-
ing that establishes a transparent pathway from personalized
natural-language requirements to executable robotic behav-
iors. Instead of directly generating actions in an end-to-end
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manner, the proposed framework progressively transforms
user intents into canonical recipes, structured workflows with
explicit flow-control constructs, and executable Python
programs grounded in an atomic action library, enabling inter-
pretable, verifiable, and trustworthy cooking automation.

(2) We develop an integrated closed-loop cooking system
that combines artificial intelligence (Al)-generated programs,
multimodal perception, asynchronous supervisory interven-
tion, anomaly recovery, recipe migration, and post-cooking
preference adaptation. By tightly coupling planning, execu-
tion, and personalization within a unified architecture, the
proposed system achieves reliable task execution and adap-
tive personalized cooking in real-world environments.

B. Organization

The remainder of this paper is organized as follows. Section
IT reviews representative approaches to automated cooking
and robotic chef systems. Section III presents the overall
architecture of the proposed automated cooking system.
Sections IV-VI describe the three modules of the proposed
framework, including pre-cooking preparation, online execu-
tion, and post-cooking adaptation. Section VII introduces the
construction of the cooking knowledge dataset and the low-
rank adaptation (LoRA)-based supervised fine-tuning (SFT)
procedure. Section VIII presents the experimental results and
discussions. Finally, Section IX concludes the paper.

II. RELATED WORK

This section reviews representative automated cooking
approaches in the literature, which are broadly classified into
three categories according to their control paradigms and
levels of intelligence.

A. Automated Cooking via Rule-Based/Script-Based Controls

Early cooking systems focused on automated execution of
predefined procedures using rule-based or script-driven
control, with an emphasis on consistency and repeatability.

Mondal et al. [6] implemented one of the most direct real-
izations of this paradigm by encoding complete dishes as
fixed sequential programs executed by microcontrollers. After
a user selected a menu item, the robot executed a hard-coded
sequence of operations, including dispensing, heating, stirring,
and shutdown. Yan et al. [7] followed a similar script-driven
approach but enhanced execution precision through teach-and-
playback motion primitives, quantitatively controlled ingredi-
ent dispensing, and online temperature monitoring, thereby
improving repeatability while maintaining an offline, proce-
dure-centric control structure.

To overcome the limitations of flat action scripts, Ma et al.
[8] modeled cooking processes using hierarchical task
networks (HTNs), representing each recipe as a layered task
structure that decomposed fixed dishes into semantically orga-
nized subtasks and atomic actions. Building on structured task
representations, Noh et al. [9] introduced gate conditions and
resource-aware scheduling to coordinate multi-arm manipula-
tion and appliance usage, formulating multi-dish preparation
as a constrained scheduling problem under fixed environmen-
tal assumptions. Sugiura et al. [10] extended scripted execu-
tion to household environments by compiling user-specified

timelines for ingredient addition and heating into control
scripts that coordinated mobile robots, while keeping the
procedural structure unchanged during execution.

Several studies further enriched script-based cooking by
refining execution quality without modifying task structure.
Junge et al. [11] parameterized key variables within fixed
omelette-cooking scripts, enabling optimization over season-
ing and timing while preserving the predefined action
sequence. Sochacki et al. [12] extracted atomic actions from
human demonstrations using perception and probabilistic
filtering, yet ultimately executed cooking through predefined
programmatic modules. Sochacki et al. [13] and Shi et al. [14]
integrated taste-related sensory feedback into scripted proce-
dures, adjusting parameters such as salt or water addition via
controllers, while retaining an open-loop action structure.

The aforementioned studies demonstrated that rule-based
and script-based approaches can achieve automated cooking
with high consistency and robustness. However, recipes, task
structures, and execution logic were largely fixed a priori,
limiting adaptability to user preferences, contextual variations,
and dynamic cooking requirements.

B. Automated Cooking with End-to-End Embodied Intelligence

Recent advances in large models and embodied intelligence
have enabled end-to-end frameworks that directly map natu-
ral language instructions to cooking actions, thereby support-
ing personalization and task generalization.

Driess et al. [15] proposed pathways language model-
embodied (PaLM-E), which unified language, vision, state,
and control within a single model, enabling direct inference
from user intent to continuous robot actions without relying
on explicit rules or programs. Building on this paradigm,
Zitkovich et al. [16] introduced Robotics Transformer 2 (RT-
2) by augmenting vision-language models with action tokens,
allowing multimodal inputs to be translated directly into robot
commands through large-scale cross-task training, including
cooking-related manipulation tasks.

These end-to-end methods remain largely black-box,
providing limited transparency and fine-grained control over
cooking processes, which poses challenges for reliable online
supervision and practical deployment.

C. Automated Cooking with AI-Guided Structured Programs

This subsection reviews Al-guided structured-program
approaches that improve transparency and controllability of
automated cooking by introducing explicit intermediate repre-
sentations, such as symbolic task models, executable
programs, and logic-based constraints, thereby making system
behavior interpretable and inspectable during execution.

Gravot et al. [17] formulated cooking as a hierarchical task
network planning and execution framework, in which partially
ordered recipe tasks were decomposed into symbolic primi-
tives bound to callable control procedures, with a supervisory
layer monitoring execution and triggering replanning upon
symbolic state changes or failures; however, both recipes and
decomposition rules were largely hand-specified, personaliza-
tion was limited, and adaptation focused on symbolic consis-
tency rather than continuous process feedback. Schmitz et
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al. [18] transformed motion-captured human demonstrations
into explicit planning domain definition language (PDDL)
domains by classifying predefined side actions and clustering
main processing actions, enabling procedural planning over
structured symbolic representations; however, the approach
relied on constrained environments and offline processing,
with state semantics and updates restricted to predefined cate-
gories. Inagawa et al. [19] translated Japanese text recipes into
pseudo-executable code through morphological analysis and
mappings to predefined motion libraries, followed by offline
motion planning; however, fixed recipe formats and environ-
ments limited perception-driven adaptation in cooking.

Vemprala et al. [20] leveraged LLMs to generate structured
outputs, such as code snippets and application programming
interface (API)-level function calls, that explicitly orches-
trated perception, planning, and control modules, keeping task
logic readable and auditable; however, execution depended
mainly on offline reasoning and dialog-based correction, leav-
ing online sensory feedback loosely coupled to program
execution. Liang et al. [21] proposed “code as policies”, in
which language models generated executable Python
programs with explicit control flow that queried perception
APIs and invoked parameterized motion primitives; however,
robustness was bounded by the completeness of available
primitives, and readable code alone did not guarantee reliable
closed-loop process regulation. Yoneda et al. [22] further
externalized decision making through executable code paired
with an explicitly maintained world state, using separate
components to generate actions and update symbolic state
from observations; however, maintaining faithful state esti-
mates for continuous cooking variables such as doneness or
mixing uniformity remained challenging.

Mavrogiannis et al. [23] compiled online recipe instructions
into auditable intermediate programs using slot-based seman-
tic parsing and temporal logic constraints, enabling structured
decomposition into admissible primitives with reuse through
caching; however, decomposition errors could propagate
through execution, and semantic parsing required manual

Module 1
Pre-cooking preparation

annotation with limited coverage of cooking behaviors.
Verghese and Atkeson [24] represented cooking skills as
selecting interpretable behavior templates from a library of
parameterized hybrid position and force controllers guided by
online information sources, preserving execution structure;
however, dependence on fixed templates and stable execution
conditions limited adaptability, and template selection often
required trial execution, reducing efficiency and robustness.

III. OVERALL AUTOMATED COOKING ARCHITECTURE

This section presents our automated cooking framework
with three modules, covering pre-cooking preparation, online
execution, and post-cooking adaptation, as shown in Fig. 1.

The pre-cooking preparation module takes user information
and the current cooking context as inputs and produces
executable cooking code as its output. It explicitly models
user intent and environmental conditions by collecting multi-
modal user information, including dietary preferences, health
conditions, cultural background, special occasions, and histor-
ical dining records, together with the availability of ingredi-
ents, seasonings, robotic cooking capabilities, and sensor
configurations. Based on these inputs, a target dish is selected
and a customized recipe is generated by adapting a canonical
recipe to user-specific constraints. The customized recipe is
then transformed into a programmatic recipe with a prescribed
structural format, where cooking steps are expressed using
explicit flow-control constructs such as conditional branches
and do-until patterns. Each step in the programmatic recipe is
grounded in an atomic action library supported by the cook-
ing robot and sensors, and the entire pipeline ultimately gener-
ates executable Python control code that can be compiled and
run in the online execution module.

The online execution module carries out the cooking
process in real time by executing the generated Python control
code under continuous sensory feedback. A cooking agent
performs the prescribed atomic actions through its manipula-
tors while multimodal sensors provide synchronized observa-
tions of the cooking state, including visual, thermal, auditory,
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Fig. 1 Overall architecture of the proposed automated cooking system. RAG stands for retrieval-augmented generation. TA denotes threshold assessment, which

comprises both temperature threshold event and audio threshold event.
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and force-related signals. In parallel with nominal execution,
an independent asynchronous supervisory process continu-
ously monitors these sensory streams to assess execution
safety and process consistency. When abnormal conditions are
detected, such as fire ignition, overheating, ingredient burn-
ing, excessive seasoning, or pot overflow, the supervisor trig-
gers corresponding intervention strategies. These interven-
tions range from fine-grained corrective actions that adjust
ongoing execution to emergency takeover that suspends or
terminates the original cooking plan. Whenever possible, the
module prioritizes graceful recovery by repairing the current
process or adapting it toward an alternative dish that remains
feasible under the updated state. The output of this module is a
cooked dish ready for user consumption.

The post-cooking adaptation module supports long-term
personalization by analyzing user feedback to inform future
cooking decisions without affecting the current execution. Its
input consists of multimodal post-meal feedback, including
textual or spoken user comments and visual observations of
leftover food, which are normalized into structured textual
descriptions. These descriptions are analyzed to extract two
types of information: execution-related or recipe-related draw-
backs that guide subsequent refinement of recipe preparation
or online intervention strategies, and user-specific preferences
such as selective eating habits or favored flavors. The output
of this module is an updated set of historical dining records
associated with the user, which are stored persistently and
reused in later pre-cooking preparation stages to progres-
sively improve recipe customization.

IV. PRE-COOKING PREPARATION MODULE

This section details the procedures of the pre-cooking prepa-
ration module, presenting each step in sequence.

A. User Information Collection and Analysis

The pre-cooking preparation module begins by collecting
and analyzing user information together with the current
kitchen context, producing a structured textual representation
for subsequent recipe customization. Kitchen conditions are
first characterized, including available cookware, heating
equipment, ingredients, seasonings, and their quantities. User
information is categorized into physiological and contextual
factors. Physiological factors include age, health status,
dietary restrictions, medical conditions, and nutritional consid-
erations. Contextual factors encompass cultural and social
influences, such as family background, ethnic traditions,
regional culinary preferences, festival settings, special occa-
sions, and other meal-related circumstances.

All inputs are categorized, labeled, and normalized into a
unified textual format by lightweight intelligent agents, each
responsible for a specific information category. At the current
stage, most information is explicitly provided by the user
through an interactive interface to ensure accuracy and trans-
parency. In addition, historical dining records are incorpo-
rated as a persistent information source, summarizing prior
dining behavior, satisfaction feedback, and leftover analysis.
These records provide longitudinal context for understanding
user preferences. The output of this step is a consolidated,

interpretable textual description encoding cooking resources,
user constraints, and contextual factors.

B. Canonical Recipe Generation

Canonical recipe generation starts with dish name inference
using a single-modal LLM driven by a carefully designed
prompt template. The prompt explicitly constrains ingredient
availability, seasoning scope, health safety, cultural appropri-
ateness, and user intent alignment, ensuring that the generated
dish name is feasible rather than merely plausible. To enforce
output determinism, the prompt requires the model to return
only a dish name within a fixed length and prohibits any
auxiliary explanation.

To support domain-aware reasoning beyond generic
language priors, this study constructed a specialized cooking
knowledge dataset and used LoRA for efficient fine-tuning to
obtain a language model with enhanced reasoning capabilities
for the context of Chinese cooking. For detailed information,
please refer to Section VII.

Once a dish name has been determined, an RAG pipeline is
employed to construct the corresponding canonical recipe.
The inferred dish name serves as a query to retrieve standard-
ized references from a curated local knowledge base. When
available, recipes defined by national or professional stan-
dards are prioritized; otherwise, widely recognized formula-
tions are adopted. This process provides a consistent and
authoritative foundation for subsequent recipe customization.

C. Customized Recipe Generation

After the canonical recipe is determined, a customization
procedure refines the canonical recipe to better match user-
specific conditions. This procedure uses the aforementioned
fine-tuned LLM again, but operates under a constrained
setting in which the dish identity and canonical recipe are
fixed. The model adjusts ingredients, seasonings, and cooking
steps by incorporating personalized factors such as health
constraints, dietary preferences, cultural considerations, and
contextual requirements, while respecting resource availabil-
ity. By framing customization as bounded modification of a
canonical reference rather than open-ended generation, the
process remains controllable and interpretable. The output is a
structured personalized recipe with explicit quantities and a
standardized format, documenting how the canonical recipe is
adapted. Separating dish selection from recipe customization
decomposes the reasoning process, avoids implicit end-to-end
generation, and enables finer-grained supervision over person-
alization behavior.

D. Programmatic Recipe Generation

This subsection describes how a customized recipe is trans-
formed into a programmatic recipe through a two-stage
reasoning process. The objective is to reformulate the
customized recipe into a precisely structured intermediate
material that bridges human-readable recipes and subsequent
executable control code.

The transformation is carried out through two static Al
agents, both implemented with fundamental LLMs. These
LLMs are not fine-tuned for cooking knowledge, since
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domain understanding has already been addressed in earlier
stages. Instead, they are employed for their general reasoning
and structural transformation capabilities. The first LLM
converts the customized recipe into an initial programmatic
form that emphasizes stepwise control flow. Each cooking
step is decomposed into a sequence of single-purpose opera-
tions, resulting in a finer and more explicit procedural struc-
ture than the original recipe description. At this stage, cook-
ing actions are classified into two types, namely the instanta-
neous actions and continuous actions. Instantaneous actions
correspond to one-off operations whose completion cannot be
reliably sensed, such as ignition or ingredient addition, and are
executed once before proceeding. Continuous actions corre-
spond to operations that evolve over time, such as stirring or
heating, and are expressed using explicit do-until constructs,
where execution continues until terminal conditions are met.

For continuous actions, termination conditions are formu-
lated using observable sensory criteria rather than implicit
timing assumptions. Each condition may involve visual
changes, temperature thresholds, sound intensity variations, or
odor-related cues, depending on the nature of the operation.
Specifically, for visual monitoring, the clarity of the ingredi-
ent state is quantified using

S focus* = Var(VZI) (1)

For acoustic monitoring, the system detects significant

sound intensity shifts by comparing the moving average of the

current window W, against a past window W7,
! f A(dr— —

Weurr| 7 Weurr |Wpast|

ast

= f Andi>0 (2

Wpast

To ensure execution robustness, every continuous action is
additionally associated with a maximum recommended dura-
tion derived from empirical cooking experience. This upper
bound prevents indefinite execution in cases where sensory
conditions are not satisfied, thereby guaranteeing progress and
avoiding deadlock during online execution.

In the second stage, another fundamental LLM further
normalizes and formalizes the initial programmatic recipe. All
operations are rewritten using a predefined atomic action
library, where each action follows a fixed verb-argument
template and specifies explicit quantities, targets, and parame-
ters. Ambiguous expressions are eliminated, and each step is
constrained to contain exactly one minimal, independently
executable action. This stage enforces strict consistency in
wording, structure, and parameterization, ensuring that the
programmatic recipe aligns with the capabilities of the cook-
ing robot and sensing infrastructure while remaining human-
readable and auditable.

Visual sensor

Acoustic sensor

Fig. 2 Four types of sensors used in our automated cooking system.

As depicted in Fig. 2, the automated cooking system
deploys four types of sensors. Visual sensors provide image-
based observations of ingredient appearance, color changes,
and spatial states within the cooking area. Thermal sensors,
including infrared measurements, capture temperature distri-
butions and overall heat levels, typically evaluated over
spatial regions rather than single points.

To prevent localized scorching, we smooth the thermal
matrix R, using an exponential moving average (EMA)

M; =aR;+(1-a)M,_1C; (3
The thermal distribution is then analyzed by calculating the
thermal centroid C,
Z i Wi j

i.j
2
ij

wi,j = max(0,T; j — Tmin) Q)

Furthermore, the dynamic state of the cooking process is
determined by the trajectory magnitude D, . derived from

the covariance matrix 2 of the centroid history

Diove = V/lmax(z) (6)

Acoustic sensors measure changes in sound intensity, which
are used as auxiliary evidence and are generally evaluated
based on relative variation rather than absolute values to
account for background noise. Olfactory sensors are employed
primarily for safety monitoring and late-stage supervision,
such as detecting burning or characteristic odors during
specific cooking phases.

“)

Xc

E. Executable Code Generation

This subsection describes how the programmatic recipe is
compiled into a runnable Python source file that is directly
executed in the online execution module. A fundamental large
language model is employed here, as the task requires general
code synthesis and control-flow construction rather than cook-
ing-domain expertise. The input to this procedure is a struc-
tured programmatic recipe defined at the task level, where
each step specifies a single cooking operation together with its
progression logic, while low-level physical execution is dele-
gated to a separate robotic agent responsible for continuous
motion control and hardware interfacing.

The generated Python code follows a strictly sequential
execution logic aligned with the programmatic recipe. Opera-
tions classified as instantaneous are rendered as explicit user-

-

Thermal sensor

Olfactory sensor
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facing instructions and pause execution until user confirma-
tion, whereas continuous operations are implemented as
conditional loops that repeatedly evaluate termination criteria
derived from sensor observations. These criteria are expressed
in terms of visual states, temperature measurements, acoustic
variations, and olfactory signals, and are combined through
logical operators to determine step completion. To ensure
robustness, each continuous step additionally enforces an
upper time bound derived from the recommended duration
specified in the programmatic recipe, allowing the execution
to proceed even if sensor-based conditions are not met within
a reasonable timeframe.

All sensing, condition-evaluation, and task-level actuation
primitives are encapsulated as predefined interfaces whose
implementations are fixed and provided to the LLM as
contextual information. Consequently, the generated code is
restricted to invoking these interfaces without modification,
ensuring a consistent mapping between symbolic planning and
physical execution.

F. Complete Workflow of Pre-Cooking Preparation Module

This subsection describes the pre-cooking preparation work-
flow, which uses three internal mechanisms to improve relia-
bility and transparency. After generating a recipe, the system
verifies it against key constraints and reruns the process if
needed. Once verified, the recipe is presented for user feed-
back and adjusted until approved. Finally, Python code is
generated and validated, with iterative corrections made if
erTors occur.

V. ONLINE EXECUTION MODULE

Online execution involves running the generated code as
task-level actions dispatched to the robotic agent for step-by-
step execution. Under normal conditions, this process runs
deterministically. However, deviations may occur due to sens-
ing uncertainty, actuation errors, or environmental changes.
To resolve this issue, a real-time feedback and intervention
mechanism operates asynchronously, monitoring perceptual
data. If abnormalities are detected, it preempts the execution
to initiate corrective or emergency actions. This section intro-
duces the online supervisory system.

A. Asynchronous Supervisory Architecture

The asynchronous supervisory process operates in parallel
with the main execution thread, sharing the same multimodal
sensory data stream while receiving feedback from the robotic
execution layer. It produces structured intervention commands
and parameter updates that are applied to the currently execut-
ing task through a unified control interface. To handle multi-
ple abnormalities occurring simultaneously, explicit priority
and mutual-exclusion rules are defined, allowing the supervi-
sor to determine whether ongoing actions should be modified,
suspended, overridden, or fully taken over. This design
provides a consistent and deterministic mechanism for manag-
ing online interventions.

B. Safety-Critical Intervention and Emergency Takeover

This subsection addresses safety-critical events that require
immediate intervention and, if necessary, full takeover of the

cooking process. The primary objective is to rapidly mitigate
risk and prevent further state escalation in scenarios such as
open flames, dry heating, severe burning indications, or
violent overflow. Triggers are identified mainly through fast
visual anomalies and abnormal thermal distributions, with
olfactory cues and sound-intensity variations used as corrobo-
rating evidence. Once activated, the supervisory process prior-
itizes minimal decision latency and deterministic actions,
including reducing or shutting off heat, suspending stirring or
relocating cookware, and terminating the current operation to
enter a safety mode. In extreme cases, the ongoing dish is
abandoned altogether, reflecting the highest priority, strongest
intervention strength, and maximal authority over the main
execution flow.

C. Recoverable Deviation Handling and Recipe Migration

This subsection separates online corrections into two
branches, depending on whether the ongoing dish can still be
preserved. If the deviation is recoverable, the goal is to diag-
nose the cause and repair the process with minimal, verifiable
insertions while keeping the original dish objective
unchanged. If preservation is no longer feasible, the goal
shifts to recipe migration, where the process explicitly
changes the dish objective and regenerates a feasible continua-
tion that still satisfies the user’s preference and health
constraints.

For recoverable deviation handling, the supervisory process
first performs cause inference by fusing multimodal sensory
evidence with feedback from the robotic execution layer. In
practice, this covers cases such as excessive seasoning, early-
stage overflow, and uneven heating that signals a localized
scorching tendency. For example, when a seasoning addition
is over-executed and the liquid concentration or visual appear-
ance deviates from the expected state, the supervisor inserts a
bounded corrective step such as adding a measured amount of
water. If the current salinity concentration C_,, exceeds the
target Cy,.» the required volume of water AV to be added is
calculated by the dilution balance

AV = ch( Comr _ 1) (7)
target

The affected step is regenerated, followed by a short re-
evaluation window, instead of rewriting the whole procedure.
As another example, when infrared-derived heat maps indi-
cate persistent hot spots within a spatial partition of the pan
region, the system identifies uneven heating and issues a
warning. To quantify the unevenness of the heating, we calcu-

late the spatial variance 0 tzemp of the temperature matrix 7

1 1Y —\2

O—tzemp = m ; ]Z_; (Ti,/ - T) (3

The supervisor injects a targeted redistribution action that

focuses the robotic manipulator on the overheated region to

disperse food and prevent further charring. In these recover-

able cases, the inserted actions are intentionally small-step and

pre-specified, so each correction can be validated quickly

against updated sensory observations before the main proce-
dure resumes.
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For recipe migration, the supervisor activates a different
branch only after determining that the dish objective cannot be
restored without violating constraints or producing an unac-
ceptable outcome. A representative trigger is a severe irre-
versible deviation, such as a level of over-seasoning that
cannot be neutralized within safe and feasible bounds, or a
state shift where the dish has effectively crossed into another
preparation regime. In that situation, the supervisor proposes a
new dish goal that is consistent with the current cooking state
and does not violate user constraints, then regenerates the
remaining steps accordingly so execution can continue with-
out restarting from scratch. The migration branch therefore
requires broader online reasoning than local repair, because it
must reconcile what has already happened in the pan with
what can still be achieved. Here, 9(8,g) denotes the distance
between the projected post-intervention cooking state § and
the original dish goal state g, measured as a weighted sum of
normalized deviations across key cooking variables including
ingredient concentration, thermal distribution, and visual
appearance. Formally, the system evaluates the reversibility
by minimizing the distance metric D between the projected
outcome state Spyoj and the original goal Sgpa1. The migration
process is triggered only if the minimum achievable deviation
exceeds the acceptable tolerance e

min D(Sproj,sgoal) > €
actions

€)]
while remaining compliant with user preferences and health
constraints, and it updates the subsequent procedure in a
synchronized manner so the running workflow transitions

coherently rather than accumulating ad hoc patches.

VI. POST-COOKING ADAPTATION MODULE

This section addresses post-cooking adaptation, which
captures user feedback after meal completion and converts it
into structured knowledge for future use. The module does not
affect the current dish. Instead, it consolidates multimodal
observations and user responses into persistent records that
guide subsequent recipe selection and customization.

One source of feedback is obtained through visual analysis
of the finished dish. By examining the quantity and distribu-
tion of leftovers, the module distinguishes between portion-
related effects and ingredient-specific consumption patterns.
Uniform leftovers indicate excessive serving sizes, whereas
repeated omission of particular ingredients suggests stable
user preferences. The observations are interpreted together
with historical dining records and, when necessary, supple-
mented by brief user interactions to distinguish short-term
behaviors from persistent dietary tendencies.

The other source of feedback is explicit user input, collected
through speech or text and normalized into textual form. This
information is analyzed to separate dish-specific remarks from
long-term preferences, such as recurring dislikes or favored
flavors. The resulting conclusions are stored in the historical
dining records at multiple levels, linking concrete outcomes to
individual dishes while also updating user-level attributes that
persist across meals. This layered memory supports progres-
sively improved personalization while preserving transparent
and predictable cooking behavior.

VII. LORA-BASED SFT

This section provides an introduction to the construction
process of the specialized cooking knowledge dataset and the
content of the model fine-tuned efficiently using LoRA.

A. Dataset

This dataset is designed to extract and integrate knowledge
from Chinese culinary arts through an automated process.
Using advanced large language models, valuable information
is extracted from literature and converted into a structured
question and answer (Q&A) format with custom system
prompts. This approach improves the efficiency and accuracy
of knowledge acquisition, supporting personalized dietary
recommendations, health management, and intelligent Q&A
systems.

Automated dataset construction. The dataset is built from
1120 cooking-related articles retrieved from China National
Knowledge Infrastructure (CNKI). These articles cover a
broad range of topics, including cooking techniques, culinary
aesthetics, nutritional value of ingredients, and theories of
Chinese medicinal diets. We extract text from these docu-
ments via the model-driven pipeline and convert it into struc-
tured data.

To achieve efficient batch processing of the literature, this
study developed a file processing agent. This agent invokes
PDF parsing tools and integrates natural language processing
techniques to filter and extract relevant content. To evaluate
the overall quality of the automatically constructed dataset,
this study measures the semantic consistency between ques-
tions and answers. Specifically, we define the dataset quality
metric, denoted as Q. as the mean semantic similarity
across all instruction-response pairs

Il .
Qqutiy = — > Similarity (0r. A7) (10)
i=1
o «(0)-e(A)
Simil iA)= ——— 11
milarity (@040 = o o eyt OV

where Q, and 4, represent the i-th question and its correspond-
ing answer, and 7 is the total number of question-answer pairs
in the dataset. The similarity function measures how well the
question and answer match in semantic space, and can in prin-
ciple be computed using vector representations from a pre-
trained language model e(-), such as BGE-M3 or text-embed-
ding-3-small. This metric provides a theoretical measure of
the consistency and reliability of the automatically generated
question-answer pairs; empirical computation of this metric is
left for future work.

Cooking knowledge instruction dataset. This dataset
focuses on Chinese cooking and covers seven major cate-
gories, including cooking techniques, seasoning and ingredi-
ent pairing, medical and dietary therapy, food digestion and
metabolism, culinary aesthetics and culture, personalized
nutrition, and other practical cooking knowledge. The dataset
encompasses topics such as ingredient preparation, heat
control, flavor design, medicinal food applications, health-
oriented dietary recommendations, visual and sensory charac-
teristics of Chinese cuisine, and practical skills related to
cooking tools and ingredient handling.
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Dataset size. This dataset contains a total of 7392 entries. In
terms of distribution, the largest proportion is in cooking tech-
niques, accounting for 54.32%, followed by seasoning and
flavoring at 25.91%, and medicinal food at 10.85%. The
remaining sections, including others, food digestion and

metabolism, aesthetics and culture, and personalized diets,
each have smaller proportions. The content of each section
provides comprehensive data support for the field of Chinese
cooking and personalized healthy eating. The detailed distri-
bution is shown in Fig. 3.
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Fig. 3 Scale and structure of LLM training samples.

B. Domain-Specific Model Fine-Tuning

We applied supervised fine-tuning to multiple pre-trained
models using the LoRA method, and utilized them for text
generation tasks in the domain of Chinese cooking. The core
idea of the LoRA method is to introduce low-rank decomposi-
tion matrices into the transformer layers while freezing the
pre-trained model weights, thereby significantly reducing the
number of parameters that need to be adjusted during fine-
tuning [25].

This strategy not only effectively reduces computational and
storage overhead but also provides an efficient solution for the
model to quickly adapt to new tasks and domain shifts.
Specifically, we fine-tuned the language layers of the model
while freezing the weights of the non-language layers.
Through this process, the model is able to better understand
and learn the textual knowledge related to Chinese cooking,
and generate personalized recipe recommendations, thus
improving both task execution efficiency and performance.
The basic principle is illustrated in Fig. 4, where the LoRA
method achieves efficient fine-tuning by introducing the low-
rank bias term AW into the cooking model’s weight matrix.
The fine-tuned model parameter matrix W, can be
expressed as

pdate

Wupdate =Wo+AW (12)

where Wy € R®* is the pre-trained parameter matrix before
fine-tuning, with 4 and k representing the number of rows and
columns of the original matrix, respectively. By adding the

food presentation

Culinary aesthetics

pre-trained parameter matrix W, and the low-rank bias term
AW, the fine-tuned parameter matrix is obtained. The bias
term AW is further expressed as

AW =B-A (13)
where B e R and A € R™ are two low-rank matrices, and
r < min(d, k) represents the intrinsic rank of AW. During
training, only the parameters of 4 and B are updated, while W,
remains frozen. This approach enables efficient supervised
fine-tuning of the model while significantly reducing compu-
tational and storage costs. At this point, the model’s offline
fine-tuning process is complete.

h= Wupdate'x
Pretrained B
weights AW
W, P
d

JAN S

Layer input x

Fig. 4 Basic principle of LoRA fine-tuning.

VIIL

This section validates the proposed agentic cooking frame-

EXPERIMENTAL RESULTS AND DISCUSSIONS
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work through three progressively advancing experiments.
First, the performance of the fine-tuned domain-specific
model is evaluated in personalized recipe generation. Second,
the effectiveness of the proposed recipe-to-code generation
pipeline is assessed through automated code generation exper-
iments. Finally, physical experiments are conducted to verify
the feasibility, reliability, and practical applicability of the
overall framework in real-world environments.

A. Benchmarking of Fine-Tuning in Cooking LLM

Five pre-trained language models of different sizes were
fine-tuned using LoRA on the cooking instruction dataset. The
models were evaluated for their adaptability and knowledge
enhancement in the cooking domain using BLEU-4 and
ROUGE-L metrics. BLEU-4 measures the n-gram overlap
between generated and reference texts, while ROUGE-L eval-
uates the longest common subsequence match. Higher scores
indicate greater similarity between generated and reference
texts, with a maximum score of 100.

To meet the high load requirements of parallel computing
and deep learning inference, this experiment used a server
equipped with two NVIDIA A100-SXM4 80 GB GPUs as the
core computing node, running the Ubuntu 20.04 operating
system, and with third-party computing libraries such as
Python and TensorFlow installed.

The experimental results are shown in Fig. 5 and Table 1.
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Fig. 5 Base vs. LoRA fine-tuning.

The model fine-tuned with LoRA significantly outperforms
the baseline model in both BLEU-4 and ROUGE-L metrics.
Specifically, the fine-tuned Qwen3-8B achieved a BLEU-4
score of 26.73, a 23.98% improvement over the baseline
model (2.75), and an ROUGE-L score of 36.16, a 23.51%
improvement over the baseline model (6.17). Similarly,
GLM4-9B also showed significant improvements in both
metrics, with a BLEU-4 increase of 8.19% and an ROUGE-L
increase of 14.81%. For Llama3-8B, although the baseline
score was lower, the fine-tuned model showed a 10.14%
increase in BLEU-4 and a 24.61% increase in ROUGE-L. On
DeepSeek R1-14B, the BLEU-4 and ROUGE-L improve-
ments reached 24.04% and 29.75%, respectively, demonstrat-
ing a substantial performance boost after fine-tuning. For
Qwen2.5-7B, BLEU-4 improved by 7.77%, and ROUGE-L
improved by 14.96%. These results indicate that the LoRA
fine-tuning strategy significantly enhances the performance of
each model on cooking domain tasks, particularly in generat-
ing personalized Chinese recipes, fully validating the effec-
tiveness of this method.

Table 1 Comparison of base and LoRA fine-tuned models.

Model Fine-tuning method BLEU-4 ROUGE-L
Base 2.75 6.17
Qwen3-8B
LoRA SFT 26.73 36.16
Base 345 11.31
GLM4-9B
LoRA_SFT 11.64 26.12
Base 0.07 0.60
Llama3-8B
LoRA_SFT 10.21 25.21
Base 3.00 6.68
DeepSeek R1-14B
LoRA SFT 27.04 36.43
Base 345 11.31
Qwen2.5-7B
LoRA_SFT 11.22 26.27

B. Comparisons among Automated Code Generation Methods

This experiment compares the performance of the end-to-
end one-shot generation method with the staged automated
generation method on a test set containing 20 dish-control
code mappings. The end-to-end method generates the control
code in a single step using a single prompt, without requiring
intermediate interactions. The accuracy and stability of the
generated code are evaluated using metrics such as executabil-
ity, functional correctness, and structural integrity. Executabil-
ity refers to whether the code runs correctly without errors;
functional correctness measures the completeness and accu-
racy of core structures; and structural integrity focuses on the
compliance of the code’s syntax and module dependencies.
All metrics are scored out of 100. The experimental results are
shown in Table 2.

The results show that in the 20-dish test set, the end-to-end
generation method had an executability rate of only 20%, with
an average functional correctness score of 65, and an average
structural integrity score of 92.5. Many dishes experienced
issues such as runtime failures and functional errors. In
contrast, the staged generation method achieved a perfect
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Table 2 Comparison of two code generation methods on dish control code metrics.

Dish End-to-end Step-by-step

Executability Functional correctness Structural integrity Executability Functional correctness Structural integrity
Sweet and sour Chinese cabbage \ 100 100.0 \/ 100 100
Sautéed beef with green peppers X 50 100.0 v 100 100
Sautéed lamb with scallions x 50 75.0 J 100 100
Kung Pao chicken x 50 100.0 \/ 100 100
Sautéed shelled shrimps X 50 100.0 v 100 100
Mapo tofu x 50 75.0 \ 100 100
Scrambled eggs with tomatoes x 50 100.0 \/ 100 100
Braised eggplant in brown sauce x 75 100.0 R 100 100
Hot and sour shredded potatoes x 75 75.0 \ 100 100
Twice-cooked pork \ 100 100.0 \/ 100 100
Sautéed three fresh vegetables X 75 75.0 v 100 100
Sautéed black fungus with celery x 50 100.0 \ 100 100
Dry pot cabbage \ 100 100.0 \/ 100 100
Celery and dried tofu sautéed pork X 50 75.0 v 100 100
Braised pork ribs in brown sauce x 50 75.0 \ 100 100
Sautéed ham with garlic sprouts \ 100 100.0 \/ 100 100
Braised green beans with potatoes x 50 100.0 R 100 100
Sautéed broccoli with garlic x 75 100.0 \ 100 100
Sautéed leaf lettuce x 50 100.0 \/ 100 100
Steamed perch X 50 100.0 R 100 100
Score 20% 65 92.5 100% 100 100

score of 100% across all three metrics, with stable execution,
error-free functionality, and compliant structure for all dish
codes. This demonstrates that the staged strategy effectively
addresses the semantic overload issue of the end-to-end
method, significantly improving the accuracy and stability of
dish control code generation.

C. Physical Experiment Validation

To validate the feasibility of the physical experiment, this
study was conducted in a real kitchen environment, equipped
with a gas stove (with a heat range of 1.2 kW for low heat, 2.8
kW for medium heat, and 4.2 kW for high heat), a standard
wok (32 cm in diameter and 3 mm thick), and supporting
kitchen tools. The experiment also employed multimodal
sensors for process monitoring, including visual (S-YUE
SYOI1HD), infrared thermal imaging (MELEXIS
MLX90640), audio (SOONSALLXMS8165B), and taste
(ZP16) sensors. The overall setup is shown in Fig. 6.

We selected two typical Chinese dishes, salted pork and
Kung Pao chicken, as the validation targets. Salted pork
involves cooking steps such as heating the pan, stir-frying,
and seasoning integration, while Kung Pao chicken includes
multi-stage operations like deep frying, stir-frying, and
mixing, involving complex physical processes such as high-
temperature phase transitions and heat control. These dishes
are suitable for validating the ability to provide precise guid-
ance for continuous cooking actions. Figs. 7 and 8 show the
changes during the cooking process of the two dishes.

To test abnormal scenario handling, we simulated a fire on

the oil surface. The system, using visual and temperature
sensors, triggered an emergency intervention within 120 ms,
turning off the heat source and covering the fire, effectively
preventing escalation.

Fig. 6 Experimental setup of automated cooking platform.

The experimental results show the system successfully
completes the process from user requirements to executable
code, with 100% successful execution. The instructions
clearly specify details like ingredient quantities, heat levels,
and durations. These results demonstrate that the multi-agent
decomposition framework effectively converts recipes into
practical cooking processes that meet real-world needs.

IX. CONCLUSIONS
This paper proposes an integrated agentic framework that
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Fig. 8 Visual and thermal changes in Kung Pao chicken.

embeds large language models into flow controls to address
the critical challenges of personalization, transparency, and
online adaptivity in automated cooking. By establishing a
closed-loop architecture comprising pre-cooking preparation,
online execution, and post-cooking adaptation, the system
successfully decomposes complex user requirements into
executable, verifiable control codes via a multi-agent
approach, effectively overcoming the reliability issues inher-
ent in black-box end-to-end generation. The integration of an
asynchronous supervisory mechanism with heterogeneous
multimodal sensors further ensures execution safety and
enables real-time recovery from deviations through dynamic
intervention strategies. Experimental results confirm that the
LoRA-fine-tuned model significantly enhances domain-
specific reasoning, the staged code generation strategy
achieves 100% executability, and the physical platform is
capable of performing complex Chinese cooking tasks with
robust handling of safety anomalies, thereby providing a trust-
worthy and scalable solution for intelligent culinary automa-
tion. It should be noted that the current system still requires
user confirmation for certain instantaneous operations whose
completion cannot yet be reliably verified through existing
sensors. This represents a deliberate trade-off between execu-

tion safety and full automation: manual confirmation ensures
that safety-critical one-off actions are not executed under
uncertain conditions, while inevitably introducing human
intervention into an otherwise automated pipeline. In future
work, advances in multimodal perception are expected to
enable autonomous verification of these operations, progres-
sively reducing the need for manual confirmation and bring-
ing the system closer to complete end-to-end automation.
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