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Abstract— Autonomous robots have reached the physical
capabilities to perform useful tasks in mixed-initiative human-
robot teams. In this paper we provide an overview of the latest
version of our DIARC architecture and show how it can be
used in practical setting to quickly instruct a group of robots
to perform novel tasks, in this instance food preparation tasks.
Specifically, we motivate essential architectural capabilities
required for effective mixed-initiative human-machine teaming
and briefly discuss how DIARC meets them. We then introduce
as an example of practical application a multi-robot, multi-
human food assembly task as it occurs in fast food restaurants
and show how different aspects of the task can be quickly
taught through natural language dialogues, with the system
immediately able to perform those tasks.

I. INTRODUCTION

As robots are becoming more advanced in their manip-
ulation and interaction capabilities, new applications are
within reach that require robots to perform manual tasks
as part of a mixed-initiative human-robot team (e.g., [1]).
Here we focus on the fast food restaurant domain where
humans are supported by robots in the preparation of food
(e.g., [2]). The aim is to present and discuss an advanced
robot application that utilizes a cognitive robotic architecture
for seamless human-robot collaboration in a setting where
robots can take over mundane, repetitive, and potentially
inhumane tasks. While over the last couple of years several
types of food preparation robots have been showcased at
various technology venues (including bartender robots at
IROS and CES with limited interaction capabilities), the
robot system we present here enables natural spoken task-
based dialogue interactions between multiple humans and
multiple robots. The robots themselves employ advanced
planning capabilities to handle task changes on the fly rather
than executing pre-programmed or pre-learned tasks like
those demonstration systems do.

The paper is organized as follows: We start by introducing
the notion of “multi-human, multi-robot task-based interac-
tions” that include not only natural language dialogues, but
also joint actions in addition to anticipatory and supporting
actions on both the human and the robot side. They also in-
clude developing shared mental models (e.g., [3]) that allow
both humans and robots to track the overall task state, as well
as encompass multi-goal dynamic settings where different
team members work in parallel towards the accomplishment
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of multiple goals that require different resources and team
members for completion. We then introduce the employed
cognitive robotic architecture, followed by a detailed intro-
duction of the application setting, the task and collaboration
requirements, and how the architecture handles them. Finally,
we demonstrate the various advanced features with traces
from several interactions in a “mock” food preparation.

II. MOTIVATION

Many current and future team task settings involve the
interaction and collaboration of multiple humans. In particu-
lar, they require the following two core capabilities: (1) task-
based natural language dialogue — team members need to
be able to have dialogues about task-relevant aspects, includ-
ing goal priorities, execution status, performance estimates,
task modifications and new goals, as well as unexpected
task interference and ways to address them; (2) anticipatory
and supporting actions — team members must be able to
track task execution progress and determine when they need
to perform actions in the interest of advancing team goals,
including helping other team members with their subtasks,
or enlisting the help of others explicitly when they cannot
perform task steps on their own.

To enable the above for robots in mixed-initiative human-
robot teams, the robot control architecture needs to meet
several functional requirements. First, natural language dia-
logue capabilities need to be integrated into the architecture
in a way that allows for introspective access to the robot’s
perceptions and actions, as well as its internal planning and
reasoning components (otherwise the robot cannot engage in
task-based dialogues). Second, in order to take appropriate
actions, either reactive or anticipatory, the architecture needs
to be able to develop plans for task execution and track their
execution states. The plans might require the tracking of
multiple parallel execution traces that involve any number of
other robots and humans. Third, the architecture must allow
for building and maintaining a shared mental model of the
task and team states that is in sync with the mental models
of the various human team members (otherwise robots will
not be able to meaningfully engage in task-based dialogues
or take task-relevant actions). Fourth, the architecture must
also have the ability to adapt to dynamic changes in the task
environment such as lack of availability of resources, changes
in task assignments, as well as changes in goals and other
task-related aspects. Finally, fifth, the architecture must be
able to cope with unexpected changes to task environments
that are likely to occur in “open-world settings” and must
be able to accommodate various types of novelties on the
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Fig. 1. The cognitive robotic DIARC architecture used for the development
of restaurant application (see text for details).
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fly, such as novel objects with new linguistic labels, novel
procedures that require novel skills, new team members,
new interaction processes, new events, and so forth [4].
While different environments will require different levels of
sophistication depending on their level of “openness” (e.g., a
warehouse environment will have fewer unexpected changes
compared to an urban city street environment), the robot or
robot team will at least need to have the ability to recognize
unknown entities or task execution impediments, even if it
is not able to cope with them.

III. THE DIARC ARCHITECTURE

Here we will provide a brief overview of the Distributed
Interactive Autonomous Reflection Cognition (DIARC) archi-
tecture (e.g., [5], [6]) and show how its way of implementing
a “shared mental model” enables effective “multi-human,
multi-robot task-based interactions”.!

Fig. 1 shows one version of the overall architecture
layout where white boxes depict architectural components
that are implemented as middleware agents that can operate
in parallel to other such agents and move freely within
the employed TRADE middleware system (TRADE is an
extension of the ADE system [8] with improved multi-robot
interaction and introspection features). Component names
indicate their functional roles in the architecture. Arrows
depict information flow among architectural components
with text on arrows describing the type of data that is
sent along. Stacked components indicate that multiple in-
stances of the same component type can exist within the
same architecture. This is particularly useful for teaming
contexts where multiple robots need to be operated and
where multiple human team members need to be able to
interact with the robots. Specifically, each robot will have
its own “Sensory Information/Perception” component and
its own “Motion Planner/Robot Controller” component, both
of which typically run on the robot platform as they need

Note that we slightly modified the previous acronym DIARC, replacing
“Integrated” with “Interactive” and “Affect” with “Autonomous”, to better
reflect recent instantiations of the architecture compared to early versions
such as [7].

to have access to the robot’s hardware devices (sensors
and motor controllers). Similarly, on the human interactant
side, there will be one one “ASR/GUI” (Automated Speech
Recognizer/Graphical User Interface”) instance tied to the
particular human to allow the system to identify the speaker
and there will be one “NLU” (Natural Language Understand-
ing) component responsible for generating natural language
semantics. There will be one “NLG” (Natural Language
Generation) component to convert internal semantics into
human-understandable utterances that can be synthesized
with a “TTS” (Text-To-Speech) component or displayed
on a “GUI”. The remaining component types — the “Di-
alogue Manager”, the “STM/LTM Inference KB” (Short-
Term Memory, Long-Term Memory, Inference Knowledge
Base), “Mission and Task Planner”, and “Goal and Skill
Manager” — have only one instance in the system to be
able to implement a “shared mental model” [3] that allows
the robot cohort to function as a spatially distributed single
entity that keeps track of the current task and teaming states.
This particular way of implementing the shared mental model
allows the architecture to share important task-based aspects
among the robot cohort:

« Dialogues: Each robot will be able to have access to
all dialogues with any other robot allowing the system
to understand what kinds of requests different human
teammates might have and how to most effectively
respond to them. For example, a robot interacting with a
human might not be able to obtain the answer to a posed
question like “Do you know if the door to the kitchen
is shut?” but another robot might, in this case a robot
that can perceive the kitchen door. It is then possible for
the local robot to consult the remote robot automatically
and obtain the answer, which is then committed to the
share knowledge base.

« Shared knowledge base: Sharing knowledge is partic-
ularly useful for allowing robots to work effectively in
teams. For example, if one robot learns a new task, all
robots will immediately know how to do it (e.g., [9]).
Similarly, by updating the shared knowledge base with
task-relevant information, the robot cohort will always
have a comprehensive understanding of the current task
state that it can act on (e.g., planning joint actions or
redistributing subtasks).

o Goal manager: The common goal manager maintains
the task breakdown into subgoals and all goal assign-
ments to different agents, and can manage the robots’
activities based on task and performance changes, as
well as incoming instructions. For example, a robot
might be tasked to perform a high-priority goal, in
which case the execution of its current task will be
paused. If there is a need to finish it, the goal manager
can find another robot to continue the first robot’s task.

o Task planning: The common task planner is particu-
larly useful for determining interdependent plans based
on the common knowledge of the robot cohort. For
example, if it turns out that a new food item is needed



and the goal manager has determined which robot
should fetch it, the common planner can find a plan for
the robot to get the item and possibly generate modified
plans to the other robots impacted by the change. The
task planner can also generate anticipatory actions such
as fetching an item and bringing it to a human interactor
if it is known based on the task representations in the
knowledge base and goal manager’s tracking of the
human task performance that the human will need the
item later on.

The various components of the DIARC architecture en-
ables the above five architectural requirements for “multi-
human multi-robot task-based interactions” by way of how
the various functional components interact. To demonstrate
its capabilities and readiness for applications, we will use a
robot “sous chef” system as a running example to demon-
strate.

IV. A RoBoT “Sous CHEF”

We picked a food preparation task as it typically occurs
in the kitchen of fast food restaurants to demonstrate the
readiness of DIARC for practical applications (although the
features discussed and demonstrated here are applicable to a
much wider range of tasks and settings). In this task, multiple
robots collaborate with multiple humans in preparing food
made to order. Specifically, we consider a teaming setting
with two robots — one stationary, one mobile — as well
as several humans with different roles. One person serves
as the rask instructor who can teach the robots the relevant
task information through natural language dialogues. Once
the task has been instructed, other human team members
can interact with the robot system to submit orders, provide
missing ingredients, and deliver prepared foods to customers.

To allow for successful task instructions, the instructor
needs to know the basic capabilities of the robots, including
their perceptual capabilities (e.g., whether they know about
and can recognize different types of foods, tools, etc.), their
existing task-relevant knowledge (such as the purpose of
cooking utensils, where they are located, etc.), and their skills
(e.g., how to flip a burger with a spatula).

A. Knowledge representation and action primitives

At the very bottom level of the representational hierarchy,
the robot uses poses (i.e., positions and orientations in end-
effector space), locations (i.e., positions and orientations of
objects in a world-centric map), and objects (i.e., simple
representations of clustered regularities in the sensory data
that can be mapped in end effector and world-centric coordi-
nates). Poses can be used for a variety of actions; however,
one of their central uses is to provide the positions from
which visual searches can be run to find target objects that
the robot needs to manipulate (as we assume the robots
have cameras mounted on their end effectors). Examples
of pre-defined action primitives are “savePose(name)” or
“gotToPose(name)” for poses and “lookForObject(object)”,
“pickUpObject(object)”, and “putDownObject(object,pose)”
for object-based actions. Similarly, navigation behaviors

are based on the same interaction idea whereby a human
can teach named positions in the environment by making
the robot follow it to a location using “followMe()” and
storing its name using “saveLocation(name)”. Subsequently,
the robot can be instructed to go to a learned location
using “goToLocation(name)”. Additional skills, specific to
the food preparation task, might include generic cooking
skills “cook(object, numFlips, duration)” or frying skills
“fry(object, duration)”. Finally, at a higher level of the
representational hierarchy, the robot needs domain-specific
knowledge about the ingredients, which are used in recipes
to prepare food items which, in turn, can be assembled to
put together meals that can be delivered to the customer.

V. TEACHING FOOD PREPARATION TASKS FROM
SCRATCH

We consider a robot system consisting of an ABB Yumi
mounted in a fixed location in the food preparation area,
and a mobile platform for delivery. Each robot has a motion
planner that can move its end effector to a desired position
and orientation. The perceptual capabilities of the robots
in this demo application are based on the functionality of
Cognex SoC vision sensors which allow robots to capture an
image, run a classification process on in, and translate the
results to coordinates in its frame of reference (the Cognex
cameras are mounted on the end effectors so they can be
moved to different locations to run visual searches). Most
interactions with the robots occur in natural language and
can be dynamically expanded through the teaching of new
poses, locations, objects, ingredients, items and meals.

The instruction of the food preparation task consists of
three steps: (1) teaching locations in the environment, (2)
teaching task-relevant objects like ingredients and where they
are located, (3) teaching recipes for preparing food items.

A. Interactively teaching locations

The instructor walks through the space asking the robot
to follow along and learn the names of different locations.

H: Robot one, follow me.

R: Okay, following.

H: Stop following.

R: Okay.

H: Save this location as ‘delivery’.
R: Okay.

In addition to locations the robot can navigate to, the in-
structor can teach the robot poses and link them to locations,
for example, teaching the ‘“delivery table” pose which is
associated with the delivery location.

H: Save this pose as ‘delivery table’.

R: Okay. What location is this pose reachable
from?

H: Location delivery

B. Teaching task-relevant objects

Once locations are defined, the instructor can teach new
ingredients like “salsa verde”, describe where they are lo-



cated, what type of ingredient they are, and the name of the
visual routine to detect them.?

H: Define new ingredient ‘salsa verde’.
R: Okay. Where is it located?

H: Pose pantry.

R: What type of ingredient is it?

H: Type salsa.

R: What Jjob is used to detect it?

H: Job detect salsa verde.

C.

Interactively teaching food preparation and meal assem-
bly

Once ingredients are defined, the preparation process itself
can be instructed using these defined ingredients, poses, and
locations, e.g., how to make fries.

fries box.
is how you prepare item french fries.

Then get the potatoes in the
That
Okay.

H: Define new item ‘fries’.

H: First, get a tray to prep area one.
H: Then get the fries box on the tray.
H: Then get the potatoes to the frier.
H: Then fry the potatoes for 90 seconds.
H:

H:

R:

Other items like “hamburger” can be instructed using an
interaction template that allows the robot to ask the instructor
specific questions.

H: Define new item hamburger

R: Okay. How many options does a hamburger
have?

H: No options.

H: First get a tray to prep area one.

H: Then get a bun on the tray.

H: Then split the bun.

H: Get a lettuce on the bottom bun.

H: Get a tomato on the lettuce.

H: Then get a beef patty to the cook top.

H: Then cook the beef patty for 2 minutes

flipping every thirty seconds.

Get the beef patty on the tomato.

Get mustard on the beef patty.

Get ketchup on the beef patty.

Get the top bun on the beef patty.

That is how you prepare item hamburger.
Okay.

polasiiaciiasiiasiias

VI. THE “SouUS CHEF” SYSTEM IN OPERATION

Equipped with the initial knowledge, the robot system can
immediately start operation, e.g., preparing a hamburger. At
any time, any ongoing activity can be interrupted, e.g., by
saying “pause current goal”, and the system can be given
more urgent tasks (e.g., to prepare a serving of fries), after
which the previous task can be resumed. Most importantly,
the robots’ existing high-level task knowledge can be used to
more quickly create new knowledge and procedures. Here,
we demonstrate the whole meal preparation task with an
ABB Yumi robot which has two arms, each equipped with a
Cognex camera, that are completely independently controlled
as would be the case with, say, two separate ABB GoFa

2This part is specific to the Cognex. With other sensors the object
appearance could be also taught in one shot.

arms, which shows how the system can work with multiple
independent robots “as a system” but also as “individual
parts”, i.e., the architecture treats the two arms on the Yumi
as a “team of two robots”: “left arm” and “right arm”. These
team members can be instructed directly, or the robot can be
addressed as a whole. *

We now show how the system can be instructed using
task-based templates (e.g., [5]) that allow for instructing
different versions of a meal (e.g., “southwest bowl with
chipotle sauce”) that the task planner can handle:*

H: Define new item southwest bowl.

R: Okay. How many options does a southwest
bowl have?

One option.

What is option one?

The type of sauce.

How do I prepare a southwest bowl?

First get a serving box to serving area.
Then get a bell pepper to the cook top.
Right arm, saute the bell pepper for

20 seconds.

Then get the bell pepper in the serving box.
Then get a corn to the hot plate.

Then right arm cook a corn for 15 seconds.
Then get the corn in the serving box.

Then get a carrot to the cook top.

Right arm, saute the carrot for 30 seconds.
Then get the carrot in the serving box.
Left arm, drizzle on the sauce.

That is how you prepare a southwest bowl.
R: Okay.
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Note that the above interaction shows how the instructor
can give specific instructions that need to be carried out by
a specific robot, in this case either the right or the left arm,
as opposed to only instructing the “system” and letting the
system determine which actions to perform with what arm
depending on the task and how well-positioned a task is
(Fig. 2 shows some snapshots from the task performance).

When the robot subsequently gets the instruction to pre-
pare a “southwest bowl with chipotle sauce” (as an option),
it can immediately start the task, but whenever it needs
ingredients that are not available in its workspace, it will ask
for help, e.g., “Could you please bring a bell pepper from
the pantry to the prep area?”’. When the meal is complete,
the robot announces it: “R: Southwest bowl is complete.”

For the operation in the restaurant, the system needs to
be able to distinguish between different types of users such
as employees that are allowed to teach the robot information
and customers who are allowed to order meals. For example,
when an unauthorized user attempts to define a new meal like
a “Puerto Rican bowl”, the robot rejects the attempts, while
an authorized user can define the new meal, in this case using
teaching by analogy, a method that saves time by allowing

3Note that we used only one robot for the demonstration here to show
the interactions with the human instructor who is taking on the task of
supplying ingredients to the robot, but the system is perfectly general and
another mobile robot could easily fill the role of providing the ingredients,
e.g., see the demo in [5].

4A video showing the interaction can be found at https://youtu.
be/HzGzae8ccHA.



Fig. 2.
container, and getting the first ingredient. Bottom left to right: cooking the corn, grabbing the pepper, adding ketchup.

users to refer to known recipes like the previously learned
“southwest bowl” and only teach the modifications:?

H: Define new item by analogy Puerto

Rican bowl.

Okay. What item is it like?

Southwest bowl.

Okay. What are the differences?

Replace ‘right arm saute the carrot for

30 seconds’ with ‘right arm saute the
chicken for 45 seconds’.

Okay are there any more differences?
Remove the bell pepper.

Okay are there any more differences?

Add ‘get a plantain in the serving box’
after ‘get the chicken in the serving box’.
Sorry, I don’t know what ‘plantain’ means.
Suspend current task.

Okay.

jusis v e oo
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The instructor pauses the instruction to teach the robot
about plantains.

Now define new ingredient
Okay. Where is it located?
Pose pantry.

Okay. What type of ingredient is it?
Topping.

Okay. What vision job is used to detect it?
Detect plantain.

Can you show me how to grasp a plantain?
Grasp it here.

‘plantain’.

T wom W m W

The instructor moves the robot’s left gripper to the grasp
points and the robot acknowledged with “Okay”. Now that

SA video showing the interaction can be found at https://youtu.
be/0MieedVay6k.

Different phases of the the Yumi performing the southwest bowl assembly. Top left to right: the initial task setup and instruction, grabbing the

the robot knows what a plantain is, the modification instruc-
tion can be resumed and finished:

H: Resume previous task.
R: Okay. Are there any more differences?
H: Add ‘get a plantain in the serving box’

after ‘get the chicken in the serving box’.
R: Okay, are there any more differences?
H: No more differences.
R: Okay.

Now that the robot knows about Puerto Rican bowls, it
can be prepared:

H: Prepare a Puerto Rican bowl.
R: What type of sauce?
H: Aioli sauce.

The robot then starts to prepare it based on the instructions
it received:

R: Could you please bring a chicken from the
pantry to the prep area?

H: Here it is.

R: Could you please bring a corn from the
pantry to the prep area?

H: Here it is.

R: Could you please bring a plantain from the
pantry to the prep area?

H: Here it is.

And again, the system announces when the order is
complete by saying “Puerto Rican bowl is complete”.

VII. DISCUSSION

It is important to point out that the employed DIARC
version does not utilize any form of generative Al (e.g., [10])



and thus does not depend on expensive cloud-based resources
but can rather run in a distributed fashion on the robots them-
selves. In addition to saving massive amounts of energy and
computational resources and thus having an environmental
footprint several orders of magnitude less than what current
reasonably-sized VLAs would require, there are several other
advantages to our approach: (1) no large-scale pre-training
is needed, nor is it necessary to collect large amounts of
data to train long action sequences (only training of behavior
primitives is necessary, which can also be done by moving
the robot arm along a motion trajectory using kinesthetic
teaching, and the planner will then utilize them to generate
long action sequences); (2) while the language is restricted to
the domain of operation and allows for only small variations
in the way instructions are expressed, once the NLU system
has been adapted to it, the behavior is guaranteed when the
system is given an instruction. That is, if the system is able
to generate the appropriate semantic representation for it, we
can guarantee (formally) that the corresponding actions will
be taken as instructed — different from foundation models
where no such guarantees are possible; this is particularly
important with systems interacting with humans in common
physical spaces; (3) any number of heterogeneous robots
can be added to the system without requiring any additional
training; the system can determine what actions each robots
can perform and assign robots to tasks accordingly; (4)
by having introspective access to all system knowledge,
from initially given knowledge to acquired knowledge, the
robot system is completely “transparent and explainable”
in that human operators can at any time query the system
about its knowledge, goals, and plans; and (5) by allowing
modifications to any aspect of the system — from the types
and numbers of robots, the instructions they understand, and
the skills and tasks they learned — any aspect of the system
can be quickly adapted to new task settings, again without
the need to collect large mounts of data.

On the flip side, the language aspects of the system are
limited to task-based dialogues where human instructors need
to break down more complex tasks into actions the robots
are able to perform (i.e., the executable action sequences are
fully determined by the system’s primitives). The knowledge
the system can acquire is also restricted to what can be
expressed in the formal semantics that are used to define
the task domain (as opposed to the more general knowledge
representations of LLMs in natural language), and for actual
deployments, the implementations of the robots’ primitive
actions will have to be improved to make them more robust.
However, the impact of these restrictions pales compared
to the overhead current foundation models incur, not to
mention the fact that performance on VLAs on robots does
not yet even reach the performance of other past approaches.
We believe that the proposed system presents a very viable
alternative to current power and resource-hungry approaches
based on generative Al, and the demonstration of the food
preparation task shows that it is ready for deployment.

VIII. CONCLUSION

In this paper we presented the cognitive robotic DIARC
architecture for multi-human, multi-robot, mixed-initiative
teams where multiple humans have to perform tasks together
with multiple, possibly heterogeneous, robots. While we
were not able to demonstrate all teaming capabilities of
the system due to lack of space, we did show its ability
to quickly learn new tasks from instructions in a practical
food preparation task that requires planning and execution
with multiple robots (in our case two independent arms
mounted on a single platform) that could then perform the
task immediately, interacting with humans when help was
needed. The proposed system could be immediately applied
in fast food restaurants, and beyond in any other teaming
setting only requiring definitions of the robot’s sensing and
action primitives together with basic task-specific concepts.
Critically, the DIARC architecture runs entirely on edge
systems without the need for foundation models and does not
need any expensive power-demanding computational infras-
tructure, thus allowing for a cost-effective way to operate the
multi-robot system in practical settings where cloud-based
access might not be possible or financially viable.
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