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Abstract: It is difficult to effectively operate a dual-arm robot using only the information written 1

in a cooking recipe. To cope with this problem, this paper proposes a graph based approach on 2

bimanual cooking motion planning from a cooking recipe. In our approach, we first decompose 3

the cooking recipe into graph elements. Then, we try to connect the graph elements taking into 4

account the attributes of the input/output nodes. If two graph elements cannot be connected each 5

other, we search for a graph element that can be inserted between them from the database of graph 6

elements. Since the constructed graph includes the whole sequence of the robot’s motions to per- 7

form the cooking task, we can generate a task sequence of a dual-arm manipulator simultaneously 8

performing two different tasks by using two arms. Through experimental study, we show that it is 9

possible to generate robot motions from a cooking recipe and perform the cooking motions while 10

simultaneously moving the left and right arms. 11

Keywords: Robot, Motion planning, Cooking, Task, Manipulation Graph 12

1. Introduction 13

One of the ultimate goals of robotics research is to use robots to replace a human 14

performing everyday household chores. This research focuses on cooking as one of such 15

household chores performed by humans. If a robot is to cook a food, it must understand 16

cooking recipes written in a way that humans can understand, and must process ingredi- 17

ents appropriately based on these recipes. In order to deal with this problem, we propose 18

a graph-based approach to convert a cooking recipe into an executable format and plan 19

the robot’s motion based on the recipe. 20

The information described in the recipe is not sufficient for a robot to perform a cook- 21

ing task. To control a robot based on a cooking recipe, it becomes necessary for a robot 22

to complement the actions which are not explicitly described in the recipe, like a human 23

performs unconsciously. For example, if "cut carrots" is described in a recipe we need to 24

execute the action of "placing the carrots on the cutting board" beforehand. In addition, 25

we need the action of "grasping the knife" before the cutting operation. However, these 26

instructions are usually not described in the cooking recipe. 27

In this study, we propose a motion planner for the robotic cooking tasks by using the 28

information obtained from a cooking recipe where the planner can automatically deter- 29

mine objects and motions that are not explicitly described in the cooking recipe (Fig. 1). 30

Our method represents a cooking task using a graph structure that can express the rela- 31

tionship among actions, tools, hands and objects with their state changes. Before a robot 32

motion is planned, the elements of the network structure is stored in a database named the 33

"action library" where each graph element includes a set of arguments expressing the sta- 34

tus of a task. From the arguments of the input node, we can detect the lacking information 35
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of the cooking recipe. The lacking information is complemented by substituting the graph 36

element obtained by searching the database. In addition, by introducing the hand node, 37

our proposed planner automatically determines the bimanual coordination by assigning 38

the extracted motion from a cooking recipe to one of the hands. 39

In this paper, after explaining the related works in Section 2, we explain each element 40

of the proposed network structure in Section 3. We explain how to compose the network 41

structure from a cooking recipe in Section 4. We show the experiment’s results in Section 42

5. 43

Input Input

Output

Working space recognition

Right hand

Left hand

Knife

Cutting board Carrot Dish

Cooking recipe

e.g., Cut a carrot

Motion library

"Ingredient"Cutting board Knife "Hand"

Cutting board Carrot Knife RHand

Cutting board Carrot Knife RHand

Cutting board Carrot Knife RHandDishLHand

"Tool" "Hand"

"Ingredient"Cutting board Knife "Hand"

"Tool" "Hand"

"Ingredient""Hand"

"Ingredient""Hand""Container A""Container B"

"Container A""Container B"

Motion libraryDishLHand

Figure 1. Overview of the proposed framework

2. Related Works 44

To plan the motion of a robot performing a task, Wolfe et al. [1] proposed the hierar- 45

chical structured planning problems including the task and the motion layers where our 46

proposed framework can also be categorized into the task and motion planning problems. 47

For the task planning, a series of logic operations has been proposed such as [2] and [3]. 48

For the motion planning, the motion of a robot is planned by using several methods, such 49

as the topological optimization [4,5] and graph search [6]. Recently, some extensions of the 50

task and motion planning have been proposed, such as partially observable environment 51

[7], symbolic method [8], and real-time planning [9], and regrasp planning[10][11]. 52

In addition, dual-arm manipulation has been receiving attention by several researchers 53

such as [12,13]. In recent years, motion planning for dual-arm manipulation methods have 54

been proposed, such as sequential planning [14,15], coordinated planning [16], assembly 55

planning [17] and assembly planning with regrasp [18]. 56

In addition, some researchers focused on the robotic cooking task. Yamazaki et al.[19] 57

performed robotic cooking operations like cut and peel by recognizing the foods and the 58

cutting board. Mu et al.[20] analyzed the mechanics of cutting operation for cooking in- 59

gredients. Yamaguchi et al. [21] realized a robot to learn a pouring operation. 60

Recently, some researches have been conducted on robotic motion planning from lin- 61

guistic information such as recipe. Inagawa et al. ([22]) propose a method to analyze a 62

cooking recipe and generate a cooking behavior that can be executed by a robot based 63

on the obtained behavior code. Beetz et al. [23] applied the natural language process- 64
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ing to recipes uploaded in the web and performed the action planning of robots. Lisca 65

et al. [24] proposed a framework on conducting chemical experiments from linguistic in- 66

formation. However, In these studies, the information which is not explicitly described 67

in the linguistic information cannot be used to generate the robot motion. Kazhoyan et 68

al. [25], however, prepared the reasoning rules written in action description and used it 69

for supplying the information which is not contained in the language. In addition, large- 70

scale recipe data have been trained with RNN to build inference models[26]. Paulius et 71

al. [27][28][29] proposed a representation framework called FOON (Functional Object- 72

Oriented Network) to model the relationship between actions and objects and the state 73

changes of objects in a task. On the other hand, we have proposed the framework on task 74

and motion planning of dual-arm manipulator from a cooking recipe composed of food 75

image and cooking instructions. In our previous research [30], we have explained the en- 76

tire structure of robot motion planning and detailed the recognition of ingredients from 77

the food image and coordination of two arms. This paper focuses on the motion planning 78

framework based on a graph structure, which solves the mentioned problem, to plan the 79

robot’s cooking task from a cooking recipe. 80

3. Proposed Method 81

In this paper, we represent a cooking task using a graph structure including the ac- 82

tions associated with objects and the state changes of objects. This graph structure enables 83

us to identify actions and objects that are necessary for executing a cooking task but are not 84

described in a cooking recipe. Our proposed planner generates a sequence of cooking task 85

motions while complementing it with actions not explicitly described in a cooking recipe. 86

The graph structure used in this study extends the FOON (Functional Object-Oriented 87

Network) [27][28] to handle tools like cooking utensils and to consider the robot states. 88

Section 3.1describes the network structure used in this study, and section 3.2describes the 89

procedure for creating a graph based on a cooking recipe. 90

3.1. Graph Structure 91

The graph structure used in this study is a directed graph consisting of edges and 92

three types of nodes, i.e., the object, hand and motion nodes. The nodes have attributes 93

and can represent their state change in the manipulation task. This network structure 94

is created by connecting multiple functional units where the functional unit denotes the 95

smallest unit of the graph structure representing the information contained in a single ac- 96

tion. A functional unit also consists of edges and three types of nodes. In the following, we 97

first describe the details of the nodes and functional units included in the graph structure. 98

3.1.1. Object Node 99

An object node represents the object in action. The types of objects in cooking in- 100

clude Ingredients, Seasonings, Tools, and Containers. An object node includes attributes 101

of Type, Name, Place and State (see Table 1). If two instances of the same object type have 102

2 different attributes, they can be treated as different object nodes. This makes it possible 103

to determine the action needed for executing the task. For example, as shown in Figure 2, 104

it is possible to distinguish between "a knife that exists in a storage location" and "a knife 105

that is being grasped by the robot". The knife needed for the cutting operation can be 106

specified as the "grasped knife" on the right side of Figure 2. If the knife is in the storage 107

area, we can determine that the grasping action is required before the cutting action. 108

Figure 2. An example where same objects are expressed in different nodes
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Table 1. Examples of objects’ name and attributes

Type Name Attribute1(Place) Attribute2(State)

Food Potato, Beef Storage space, Cutting board Whole, Cut, Chopped
Seasoning Sugar, Salt, Water Storage space, Cup, Bowl Whole, Mixed

Tool Knife, Spatula, Ladle Storage space, Hand Clean, Dirty
Container Cutting board, Bowl Storage space, Work space ingredient inside(Potato)

3.1.2. Hand Node 109

A hand node is assigned for each robotic hand used in the cooking task. It includes 110

the usage status of the robot hand as an attribute. Specifically, it has the names of the 111

objects grasped by the hand. By having these attributes, it is possible to determine the 112

task sequence according to the number of robot arms used. For example, we can plan the 113

motion of a robot stir frying a food with simultaneously holding spatula and cooking pan 114

with the right and left hands. 115

3.1.3. Motion Node 116

A motion node represents an action. In a cooking task, there are two types of motions: 117

main motion and sub-motion. The main motion includes cooking motions like cut, pour 118

and boil. These actions are usually described in a cooking recipe. The sub-motion is used 119

to prepare for a cooking motion, e.g., pick & place, grasp and release. This node does not 120

have any attributes. 121

Table 2. Type of motion node

Motion Name

Cut(half)
Main motion Poar

Boil
Pick & Place

Sub-motion Grasp
Release

3.1.4. Functional unit 122

A functional unit consists of a motion node, hand nodes and object nodes where 123

object and hand nodes work as inputs and outputs for a motion node. The attributes of the 124

input object and hand nodes are updated according to the changes caused by the execution 125

of the cooking task. The functional unit represents the objects needed for executing the 126

motion and its changes during the motion execution. An example of the operation "cut 127

potato in half" is shown in Figure 3. To execute this operation, the cutting board, the 128

potato, and the knife need to be in the input object and hand nodes. We also show that, 129

according to the motion execution, the state of the potato and the knife changes as shown 130

in the yellow frame in Figure 3. 131

3.1.5. Discussion 132

Different from FOON, our proposed network structure can take into account the tools 133

like cooking utensils and possible order of actions by considering the attributes of a hand 134

node. For example, consider the case where a knife or a chopping board is in a storage 135

location when the robot performs a cutting operation. In such a case, our method can 136

include actions such as "grasping the knife" and "preparing the cutting board" in the task 137

planning (Figure 4). 138

In addition, the possible execution order is determined based on the status of the 139

robot hand. In the example shown in Fig. 4, there are multiple execution sequences, 140
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Cutting board
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R Hand Clean
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Knife
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Figure 3. An example of functional unit of "Cut potato in half"

but by taking into account the status of the robot hands, we can determine the possible 141

execution order, i.e., grasp of a knife should be done after the pick and place of potato, 142

this is because the hand should not grasp anything before executing the pick and place. 143

Cutting board

Storage space Ingredient inside (None)

Potato

Storage space Whole

Knife

R Hand Clean

R Hand

None

Pick & Place

Cutting board

Workspace Ingredient inside (None)

R Hand

Knife

R Hand

None

Pick & Place

Potato

Cutting board Whole

Cutting board

Workspace Ingredient inside (Potato)

R Hand

None

Knife

Storage space Clean

Grasp

Cut(half)

Figure 4. An example of task planning including the tool use.

3.2. Graph Construction 144

By using the graph structure described in section 3.1, we can identify the missing 145

actions and objects in a cooking recipe. We store the functional units on basic operations 146

used for cooking in the database. If missing actions or objects are identified, we search in 147

the database and make adequate modifications to a functional unit stored in the database. 148

We use this modified functional unit to complement the missing actions and objects. In 149

this section, we first describe the motion database and then explain the procedure for 150

creating a network with complementing the missing actions and objects. 151

3.2.1. Motion Database 152

In this subsection, we explain the motion database (DB) used in this study. In each 153

DB, functional units in which the parameters have not been set yet are stored. We call such 154
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functional unit as the functional unit with arguments. By setting adequate parameters to 155

the arguments, an appropriate functional unit can be created. 156

In this study, we use two types of motion DB for main motion and sub-motion, which 157

will be referred to as the main motion DB and the sub-motion DB, respectively. The main 158

motion DB stores the functional units with arguments corresponding to the main motion, 159

i.e., cooking motion explicitly described in a cooking recipe. The type of object required, 160

also included in a functional unit, is determined for each main motion. For example, the 161

objects required for the "pouring motion" are the "ingredient" to be poured, the "container" 162

in which the ingredient is placed before pouring, and the "container" to which the ingre- 163

dient is poured. As shown in this example, even if an object cannot be uniquely defined, 164

the type of object can be defined for each operation, and objects that cannot be uniquely 165

defined can be expressed as functional units with arguments (Figure 5). Such functional 166

units with arguments are constructed for each main motion and stored in the main motion 167

DB. 168

In the sub-motion DB, functional units for each sub-motion, i.e., the motion which is 169

not described in the cooking recipe, are stored. Sub-motions are related to the handling of 170

objects, and include "Pick & Place," "Grasp," "Release "Pick & Place", "Grasp", "Release", 171

etc. The types of objects required for these motions can also be defined, and they can 172

be expressed as functional units with arguments (Figure 6). Such functional units with 173

arguments are constructed for each sub-motion and stored in the sub-motion DB. 174

“Container(A)’s name”

“Hand’s name” Ingredient inside (“Food’s name”)

“Food’s name”

“Container(A)’s name” “Food’s state”

“Hand’s name”

“Container(A)’s name”

Pour

“Container(B)’s name”

Work space Ingredient inside (None)

“Container(A)’s name”

“Hand’s name” Ingredient inside (None)

“Food’s name”

“Container(B)’s name” “Food’s state”

“Hand’s name”

“Container(A)’s name”

“Container(B)’s name”

Work space Ingredient inside (“Food’s name)

Figure 5. An example of the functional unit with arguments stored in the main motion DB

“Hand’s name”

None

Grasp

“Tool’s name”

Storage space “Tool’s state”

“Tool’s name”

“Hand’s name” “Tool’s state”

“Hand’s name”

“Tool’s name”

“Food’s name”

Storage space Whole

“Container’s name”

Work space Ingredient inside (None)

“Hand’s name”

None

“Food’s name”

“Container’s name” Whole

“Container’s name”

Work space Ingredient inside (“Food’s name)

“Hand’s name”

None

Pick&Place

Figure 6. An example of the functional unit with arguments stored in the sub-motion DB

3.2.2. Graph Connection 175

In this subsection, we explain the procedure for creating a whole graph structure to 176

achieve the cooking task from the recipe. Figures 7 and 8 show the outline of the creation 177

procedure by using the motion DB. 178

The input is a sentence described in a cooking recipe. First, a sentence included in the 179

cooking recipe is parsed to obtain the relation between the object and the motion (Figure 180
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7 1⃝), where the i-th motion obtained here is denoted as the main motion (i) (i = 1, 2, ..., N). 181

Then, we search for the functional unit with arguments stored in the main motion DB 182

corresponding to the main motion (i), and substitute the extracted object and motion from 183

the recipe to the arguments, and create the functional unit (Figure 7 2⃝). The next step is 184

to recognize the object initially placed in the robot’s working environment. We obtain the 185

name, state, and place of the object, and create the object node. Then, the functional unit 186

is created in which the object node obtained here becomes the output node (the input and 187

motion nodes are assumed to be empty nodes) (Figure 7 3⃝). Finally, the functional units 188

obtained here are connected based on the merging algorithm to complete the network 189

(Figure 7 4⃝). The details of this merging algorithm are described in the following pages. 190

(Input)Cooking Recipe

Obtain the relation between 

motion and target object 

Main motion DB

Generate a functional unit 

corresponding to the main motion

Generate a functional unit including 

the recognized object when starting 

the cooking task

Sub motion DBConnect functional units

(Output)
Network structure for 

cooking task planning

Figure 7. Flowchart of Graph construction from motion DB

Cooking recipeInput

Object

Object

Modifier

Verb A

Verb B

Verb C

Main motion DB

Sub motion DB

Object recognition

Output

Figure 8. Overview of graph construction by using the functional units
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The flowchart of the network connection is shown in Figure 9. We define the in- 191

put/output node lists of the network structure of combined multiple functional units. In 192

the connection algorithm, we first create a list of input nodes (Figure 9(A)) where the ele- 193

ments of this list are the input of the functional unit for the main motion i (abbreviated as 194

the functional unit (i)) (i = 1, · · · , N). Then, we create a list of output nodes (Figure 9(B)) 195

where the elements of this list are the output nodes of a functional unit to be connected to 196

the functional unit (i). For example, when a robot starts a cooking task, the elements of the 197

output node list are the output of a functional unit where its input includes the objects’ 198

initial configuration. 199

Next, the elements of the input/output node lists are compared with the input/output 200

of functional units to see if they have the same names and attributes (Figure 9(C)). For ex- 201

ample, if the elements of the output node list match the input of the functional unit (j) as 202

shown in Figure 10, we connect the functional unit (j) to the network structure by deleting 203

these elements from the output node list and appending the output of the functional unit 204

(j) to the output node list (Figure 9(C-1)). 205

Furthermore, if the elements of the output node list does not match the input of any 206

functional units for the main motion (abbreviated as the main-functional units) as shown 207

in Figure 11, we create a new functional unit for the sub motion (abbreviated as the sub- 208

functional unit) and try to connect it to the network structure (Figure 9(C-2)). We substi- 209

tute the elements of the output node list to the arguments of a sub-functional unit stored 210

in the sub-motion DB. Then, the sub-functional unit is connected to the network struc- 211

ture by deleting the elements of the output node list and appending the output node of 212

the sub-functional unit to the output node list (Figure 9(B)). The functional units are it- 213

eratively connected by comparing the elements of the input/output node lists with the 214

input/output of functional units (Figure 9(C)). At each connection, we check if the input 215

node list is empty (Figure 9(D)). If the input node list is empty, i.e., all the input nodes of 216

the main motion are combined with functional units (Figure 9(D)), the actions necessary to 217

execute the main motion are added and the main motion is ready to be executed. Finally, 218

the order to execute each motion is determined, taking into account the number of avail- 219

able arms (Figure 9(E)). Here, an executable sequence will not exist if the arm is grasping 220

an object and cannot perform any other action. If there is no executable sequence, we 221

create and combine sub-functional units that eliminate such cases to obtain an executable 222

task planning (Figure 9(E-1)). 223

After the above process is performed for the main motion (i) (i = 1, 2, · · · , N), we 224

obtain a whole network structure that represents the cooking task. 225
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Generate input node list

for main motion (i) (i=1,...,N)

(B) Generate output node list
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Figure 9. Flowchart of combine algorithm
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Figure 11. Connection of a functional unit when it does not have the same name and attributes in
the input/output node list

3.3. Bimanual Task Planning 226

We introduce a dual-arm robot to efficiently perform the cooking task. Introduction 227

of the hand nodes to a functional unit enables us to consider the number of hands used for 228

each cooking action and to plan the cooking task considering multiple hands performing 229
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multiple tasks in parallel. In order to reduce the execution time, we plan the cooking task 230

taking into account if two actions can be simultaneously performed with two different 231

hands. An example is shown in Figure 12 where we explain the method of determining 232

the hand to be used, and explain the method of simultaneously executing multiple tasks. 233

First, the hand to be used in each action is determined by considering the distance 234

from the hand to the object to be grasped. Figure 13 shows an example where the objects 235

placed in the storage space (Right) and (Left) are grasped by the R-Hand and L-Hand, 236

respectively. If there are multiple candidates, the hand to be used is determined by evalu- 237

ating the length of the trajectory to execute the action. Figure 13 shows an example where 238

the objects placed in the work space is grasped by the hand with shorter length of trajec- 239

tory. 240

From the graph structure, we can extract two motion nodes which can be simultane- 241

ously performed. If two different hands can be assigned for these two actions, we plan 242

these two actions to be executed simultaneously. 243

Knife

Pick&

Place

Dish Carrot
Cutting 

board R Hand

Dish Carrot
Cutting 

board R Hand

Grasp

R Hand Knife

Cut(half)

R Hand Dish Carrot
Cutting 

board L Hand

R Hand Dish Carrot
Cutting 

board
L HandKnife

Pick&

Place
Grasp

Cut(half)

Knife

Figure 12. Motion planning taking the simultaneous execution with multiple hands
(Left:single arm, right:dual-arm)

Hand selection

Figure 13. Selection of hand according to the area determined on the table

3.4. Motion Planning 244

In this section, we describe the motion planning method to realize the planned task 245

sequence. Before executing the cooking task, we define multiple grasping poses to stably 246

grasp a tool as shown in Figure 14. When executing the cooking task, we use a vision 247

sensor to detect the pose of the tool. Once we obtain it, we select the highest priority 248

grasping pose where the IK is solvable. The priority for grasping poses with the heuristic 249

fashion. After the grasping pose is determined, the trajectory of the robot planned by 250

using RRT-connect. 251

4. Experiment 252

To verify the effectiveness of our approach, we have conducted the experiments by 253

using a real dual-arm manipulator. 254
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Priority

Figure 14. Definition of grasping pose considering its priority

4.1. Experimental setup 255

As a cooking recipe, we consider two simple Japanese sentences where they are 256

equivalent to "Cut potatoes into half and pour them into a bowl" and "Heat oil in a frying 257

pan over high heat and fry pork" in English. We used CaboCha [31] to obtain the depen- 258

dency structure of Japanese sentences written in a recipe. In this experiment, we prepared 259

a work space and a storage space in a kitchen environment. We assume that the objects 260

are stored in the left or right storage spaces before the cooking task starts (Figure 15). We 261

use two UR-3 robot arms in which a 2-Fingered 85mm Robotiq Gripper is attached at the 262

tip. We have constructed cutting board, spatula, knife and stove by ourselves by using a 263

3D printer. 264

We attached an ArUco marker to each tool. The pose of the tool is detected by cap- 265

turing the image of the ArUco marker by using a 2D RGB camera (Figure 16). We have 266

prepared 8 grasping poses of the cutting board and 1 grasping poses of the knife. 267

Recipe

  1. Cut a potato into half, and pour it into a bowl

  2. Heat oil in a frying pan over high heat, and fry pork 

Figure 15. Experimental conditions

4.2. Results 268

We first generated a graph structure corresponding to each sentence. The graph struc- 269

ture corresponding to "Cut potatoes into half and pour them into a bowl" is shown in Fig- 270

ure 17 where motion nodes of functional unit stored in the main-motion DB is cut(half) 271

and pour. To realize the cooking task, we need five functional units stored in the sub- 272

motion DB where their motion nodes are three pick and place, a grasp and a release. Here, 273
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Camera

AR marker

Knife

Cutting board

Figure 16. Camera equipped with the hand to see the AR markers attached at the tools

the pick and place of potato and grasp of the knife are performed in parallel. On the other 274

hand, Figure 18 shows the motion of robot performing this cooking task. 275

The graph structure corresponding to "Heat oil in a frying pan over high heat and 276

fry pork" is shown in Figure 19 where motion nodes of functional unit stored in the main- 277

motion DB is pour, turn on, heat(High heat), stir fry. To realize the cooking task, we need 278

two functional units stored in the sub-motion DB where their motion nodes are pick and 279

place, grasp. Figure 20 shows the motion of robot performing this cooking task. As a 280

result, the robot was able to cook autonomously, and we confirmed the effectiveness of 281

our method for motion planning from cooking recipes consisting of simple sentences. In 282

both cases, the calculation time of the motion planning is between 1 and 2 minutes. 283
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cut(Half)

potato

place:cutting board
state:cut(Half)

cutting board

place:work space
inside:potato 

knife

place:R-hand
state:semi-clean

R-hand

inside:knife

pour

release

potato

place:cutting board
state:whole

cutting board

place:work space
inside:potato 

knife

place:R-hand
state:clean

R-hand

inside:knife

pick and place

cutting board

place:work space
inside:None

R-hand

inside:None

pick and place grasp

cutting board

place:storage space (right)
inside:None

R-hand

inside:None

plate

place:storage space (left)
inside:None

L-hand

inside:None

potato

place:plate
state:whole

plate

place:storage space (left)
inside:potato 

L-hand

inside:None

stand for knife

place:storage space (right)
on_top:None

knife

place:stand for knife
state:clean

stand for knife

place:storage space (right)
on_top:knife

potato

place:bowl
state:cut(Half)

cutting board

place:work space
inside:None

bowl

place:storage space (right)
inside:potato 

R-hand

inside:None

bowl

place:work space
inside:None

R-hand

inside:None

knife

place:stand for knife
state:semi-clean

stand for knife

place:storage space (right)
on_top:knife

R-hand

inside:None

pick and place

bowl

place:storage space (right)
inside:None

Figure 17. Obtained graph structure for the recipe "Cut potatoes into half and pour them into a
bowl"
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Figure 18. Result of experiment for the recipe "Cut potatoes into half and pour them into a bowl"
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heat(High Heat)

oil

place:cooking pan
state:whole

cooking pan

place:stove
inside:oil 

stove

place:work space
state:High Heat

on_top:cooking pan

Stir fry

pour

oil

place:cooking pan
state:whole

cooking pan

place:stove
inside:oil 

stove

place:work space
state:High heat

on_top:cooking pan

pick and place

cooking pan

place:stove
inside:None

stove

place:work space
state:off

on_top:cooking pan

R-hand

inside:None
pour

turn on

cooking pan

place:storage space (right)
inside:None

stove

place:work space
state:off

on_top:None

R-hand

inside:None

cooking pan

place:stove
inside:oil 

cup

place:storage space (left)
inside:None

L-hand

inside:None

oil

place:cup
state:whole

cup

place:storage space (left)
inside:oil 

L-hand

inside:None

R-hand

inside:None

grasp

pork

place:cooking pan
state:bit size

cooking pan

place:stove
inside:pork 

spatula

place:R-hand
state:clean

stove

place:work space
state:High Heat

on_top:cooking pan

oil

place:cooking pan
state:whole

R-hand

inside:spatula

pork

place:cooking pan
state:bit size

cooking pan

place:stove
inside:oil pork 

spatula

place:R-hand
state:clean

R-hand

inside:spatula

vat

place:storage space (left)
inside:None

L-hand

inside:None

pork

place:vat
state:bit size

vat

place:storage space (left)
inside:pork 

stand for spatula

place:storage space (right)
on_top:None

spatula

place:stand for spatula
state:clean

stand for spatula

place:storage space (right)
on_top:spatula

Figure 19. Obtained graph structure for the recipe "Heat oil in a frying pan over high heat and fry
pork"
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Figure 20. Result of experiment for the recipe "Heat oil in a frying pan over high heat and fry pork"

5. Conclusions 284

In this paper, we proposed a method for planning a cooking task by a dual-armed 285

robot by representing the cooking task in a graph structure. Our proposed method can 286

deal with actions and objects that are not explicitly described in the cooking recipe, and 287

automatically add them to the task contents. We applied the proposed method to sen- 288

tences of a simple cooking recipe, and confirmed that the dual-armed robot can perform 289

the cooking task based on the result of task planning. 290

In the future, we will verify the effectiveness of the proposed method for cooking 291

recipes that consist of more complex sentences. 292

Author Contributions: Conceptualization, K.H. and I.R.; methodology, K.T., T.K. and K.H.; soft- 293

ware, K.T. and T.K.; validation, K.T.; formal analysis, K.T., N.Y., K.T., and I.R.; investigation, K.H. 294

and T.K.; resources, K.H.; data curation, K.T.; writing—original draft preparation, K.T.; writing— 295

review and editing, K.H., N.Y. I.R. and T.K.; visualization, K.T. and K.H.; supervision, K.H., T.K., 296

N.Y. and I.R.; project administration, K.H., T.K., N.Y. and I.R.; funding acquisition, K.H. and N.Y. 297

All authors have read and agreed to the published version of the manuscript.”, please turn to the 298

CRediT taxonomy for the term explanation. Authorship must be limited to those who have con- 299

tributed substantially to the work reported. 300

Data Availability Statement: For more figures, videos and explanation on this research project, visit 301

https://www.roboticmanipulation.org/res/cook. 302

Conflicts of Interest: The authors declare no conflict of interest. 303

References 304

1. Wolfe, J.; Marthi, B.; Russell, S. Combined task and motion planning for mobile manipulation. In Proceedings of the Proc. of 305

20th Int. Conf. on Automated Planning and Scheduling, 2010. 306

2. Wally, B.e.a. Flexible production systems: automated generation of operations plans based on ISA-95 and PDDL. IEEE Robot. 307

Autom. Lett, 4(4) 2019, p. 4062. 308

3. Zhang, S.; Jiang, Y.; Sharon, G.; Stone, P. Multirobot symbolic planning under temporal uncertainty. In Proceedings of the Proc. 309

of the 16th Conf. on Autonomous Agents and Multi-Agent Systems, 2017, p. 501–510. 310

4. Ratliff, N.; Zucker, M.; Bagnell, J.; Srinivasa, S. CHOMP: gradient optimization techniques for efficient motion planning. In 311

Proceedings of the Proc. of IEEE Int. Conf. on Robotics and Automation, 2009. 312

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 October 2022                   doi:10.20944/preprints202210.0237.v1

https://doi.org/10.20944/preprints202210.0237.v1


Version October 13, 2022 submitted to Appl. Sci. 17 of 17

5. Schulman, J.e.a. Motion planning with sequential convex optimization and convex collision checking. Int. J. Robot. Res. 33(9) 313

2014, p. 1251. 314

6. Simeon, T.; Laumond, J.; Cortes, J.; Shbani, A. Manipulation planning with probabilistic roadmaps. Int. J. Robot. Res. 23 2004, p. 315

729. 316

7. Kaelbling, L.; Lozano-Perez, T. Integrated task and motion planning in belief space. Int. J. Robot. Res. 2013. 317

8. Garrett, C.; Lozano-Pérez, T.; Kaelbling, L. 318

9. Woosley, B.; Dasgupta, P. Integrated real-time task and motion planning for multiple robots under path and communication 319

uncertainties. Robotica 36(3) 2018, p. 353. 320

10. Wan, W.; Harada, K. Developing and comparing single-arm and dual-arm regrasp. IEEE Robotics and Automation Letter, vol. 1, 321

no. 1 2016, pp. 243––250. 322

11. W.Wan.; Harada, K. Regrasp planning using 10,000 grasps. In Proceedings of the Proc. of IEEE/RSJ Int. Conf. on Intelligent 323

Robots and Systems, 2017, pp. 1929––1936. 324

12. Siciliano, B. Advanced bimanual manipulation: results from the dexmart project. Advanced Bimanual Manipulation: Results from 325

the Dexmart Project, vol. 80. Springer Science Business Media 2012. 326

13. Kruger, J.; Schreck, G.; Surdilovic, D. Dual arm robot for flexible and cooperative assembly. CIRP Ann. 60(1) 2011. 327

14. Cohen, B.; Phillips, M.; Likhachev, M. Planning single-arm manipulations with n-arm robots. In Proceedings of the Proc. of 8th 328

Annual Symposium on Combinatorial Search, 2015. 329

15. Kurosu, J.; Yorozu, A.; Takahashi, M. Simultaneous dual-arm motion planning for minimizing operation time. Appl. Sci. 7(12) 330

2017, p. 2110. 331

16. Ramirez-Alpizar, I.; Harada, K.; Yoshida, E. Human-based framework for the assembly of elastic objects by a dual-arm robot. 332

Robomech. J. 4(1) 2017, p. 20. 333

17. Stavridis, S.; Doulgeri, Z. Bimanual assembly of two parts with relative motion generation and task related optimization. In 334

Proceedings of the Proc. of 2018 IEEE/RSJ Int.l Conf. on Intelligent Robots and Systems, 2018, p. 7131–7136. 335

18. Moriyama, R.; Wan, W.; Harada, K. Dual-arm assembly planning considering gravitational constraints. In Proceedings of the 336

Proc. of IEEE/RSJ Int. Conf. on Intelligent Robots and Systems, 2019, pp. 5566–5572. 337

19. Yamazaki, K.; Watanabe, Y.; Nagahama, K.; Okada, K.; Inaba, M. Recognition and manipulation integration for a daily assistive 338

robot working on kitchen environments. In Proceedings of the 2010 IEEE Int. Conf. on Robotics and Biomimetics, 2010, pp. 339

196–201. 340

20. Mu, X.; Xue, Y.; Jia, Y.B. Robotic cutting: Mechanics and control of knife motion. In Proceedings of the 2019 Int. Conf. on 341

Robotics and Automation (ICRA), 2019, pp. 3066–3072. 342

21. Yamaguchi, A.; Atkeson, C.G. Stereo Vision of Liquid and Particle Flow for Robot Pouring. In Proceedings of the 2016 IEEE-RAS 343

16th Int. Conf. on Humanoid Robots (Humanoids), 2016, pp. 1173–1180. 344

22. Inagawa, M.; Takei, T.; Imanishi, E. Japanese Recipe Interpretation for Motion Process Generation of Cooking Robot. In 345

Proceedings of the 2020 IEEE/SICE Int. Symposium on System Integration, 2020, pp. 1394–1399. 346

23. Beetz, M.; Klank, U.; Kresse, I.; Maldonado, A.; Mösenlechner, L.; Pangercic, D.; Rühr, T.; Tenorth, M. Robotic roommates 347

making pancakes. In Proceedings of the 2011 11th IEEE-RAS Int. Conf. on Humanoid Robots, 2011, pp. 529–536. 348

24. Lisca, G.; Nyga, D.; Bálint-Benczédi, F.; Langer, H.; Beetz, M. Towards robots conducting chemical experiments. 2015 IEEE/RSJ 349

Int. Conf. on Intelligent Robots and Systems 2015, pp. 5202–5208. 350

25. Kazhoyan, G.; Beetz, M. Programming Robotic Agents with Action Descriptions. In Proceedings of the IEEE/RSJ Int. Conf. on 351

Intelligent Robots and Systems (IROS), 2017. 352

26. Chen, H.; Tan, H.; Kuntz, A.; Bansal, M.; Alterovitz, R. Enabling robots to understand incomplete natural language instructions 353

using commonsense reasoning. In Proceedings of the 2020 IEEE Int. Conf. on Robotics and Automation (ICRA), 2020, pp. 354

1963–1969. 355

27. Paulius, D.; Huang, Y.; Milton, R.; Buchanan, W.D.; Sam, J.; Sun, Y. Functional object-oriented network for manipulation 356

learning. 2016 IEEE/RSJ Int. Conf. on Intelligent Robots and Systems 2016. 357

28. Paulius, D.; Jelodar, A.B.; Sun, Y. Functional Object-Oriented Network: Construction Expansion. 2018 IEEE Int. Conf. on 358

Robotics and Automation 2018. 359

29. Paulius, D.; Dong, K.S.P.; Sun, Y. Task Planning with a Weighted Functional Object-Oriented Network, 2021, [arXiv:cs.RO/1905.00502].360

30. Takata, K.; Kiyokawa, T. Ramirez-Alpizar, I.; Yamanobe, N.; Wan, W.; Harada, K. Efficient Task/Motion Planning for a Dual- 361

arm Robot from Language Instructions and Cooking Images. In Proceedings of the Proc. of IEEE/RSJ Int. Conf. on Intelligent 362

Robots and Systems. 363

31. CaboCha. 364

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 October 2022                   doi:10.20944/preprints202210.0237.v1

https://doi.org/10.20944/preprints202210.0237.v1

