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Abstract—In the rapidly evolving landscape of human-robot
interaction, the integration of vision capabilities into conver-
sational agents stands as a crucial advancement. This paper
presents a ready-to-use implementation of a dialogue manager
that leverages the latest progress in Large Language Models
(e.g., GPT-40 mini) to enhance the traditional text-based prompts
with real-time visual input. LLMs are used to interpret both
textual prompts and visual stimuli, creating a more contextually
aware conversational agent. The system’s prompt engineering,
incorporating dialogue with summarisation of the images, en-
sures a balance between context preservation and computational
efficiency. Six interactions with a Furhat robot powered by
this system are reported, illustrating and discussing the results
obtained. The system can be customised and is available as a
stand-alone application, a Furhat robot implementation, and a
ROS2 package.

Index Terms—Large Language Model, Vision Language
Model, Dialogue, HRI, Conversation, Prompt Engineering, ROS

I. INTRODUCTION

In the ever-evolving landscape of Human-Robot Interaction,
the quest for more intuitive and immersive experiences has
driven advances in natural language processing and artificial
intelligence. Conversational agents play a pivotal role in this
progression and as they become increasingly integrated into
daily life — spanning home assistants, help desks, elderly
care, and teaching — the demand for richer, context-aware
conversations has grown more pronounced.

Large Language Models (LLMs) have demonstrated re-
markable abilities in generating human-like text. However,
their traditional reliance on purely textual inputs creates a gap
in achieving a holistic understanding of the user’s context.
Human communication naturally incorporates visual cues,
non-verbal expressions, and environmental context to enhance
interaction and collaboration [1]]. For instance, when faced
with an unfamiliar tool, one might naturally ask: “How do
you use this?” A robot responding to this query must discern
whether the user is pointing at an object, identify the object in
question, understand its use, and communicate the information
effectively. Prior work on visual grounding in conversational
systems has shown promise but often lacks real-time adaptabil-
ity or requires extensive customization for HRI applications.
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Fig. 1. Four interactions with a Furhat robot powered by our system.

The challenge lies in integrating textual and visual infor-
mation within the LLM’s prompt structure. Currently, such
capabilities are often re-implemented on a per-project basis,
leading to redundancy and inefficiency. Although HRI-specific
toolkits like ROS4HRI provide foundational support for
multimodal interaction, they do not incorporate the latest
advancements in LLMs — particularly their capacity for visual
input — into conversational components.

This paper addresses this gap by presenting a ready-to-
use module for spoken interactions that incorporates both
text and image processing. The proposed tool leverages the
vision capabilities of LLMs, enabling a conversational agent to
process textual inputs while also assimilating and responding
to visual stimuli in real time. By capturing images from a
live video feed, the system enhances contextual awareness,
fostering more natural and immersive conversations.

Our implementation is fully customisable, allowing users to
select strategies for integrating visual elements into the LLM’s
prompt, choose suitable models, and manage prompt growth
over time. A real-time summarisation pipeline processes image
frames, balancing scalability and contextual relevance. We



provide an implementatiorﬂ that can function as a stand-alone
application with a webcam, as a ROS2 [3] node, or with a
Furhat robot [4].

We used the system in six different sessions in a lab, a
bedroom, a bathroom, and an entrance to a home, as illustrated
in Figure (I} Four subjects interacted with the Furhat robot
powered by our implementation, seeking assistance, asking for
suggestions, and engaging in small talk. The robot’s perfor-
mance demonstrates that the system is effectively grounded in
reality, delivering context-aware responses without requiring
additional information in the prompt.

II. BACKGROUND
A. Large Language Models for Dialogue Generation

Traditionally, LLM-based systems relied solely on textual
inputs to infer context [5]], [6]]. For instance, Janssens et al. [7]]
proposed a system where captions generated by an image
model served as input for a text-based LLM. However, such
approaches do not leverage the full amount of information
available in the original image.

Vision Language Models (VLMs) are a major step for-
ward in artificial intelligence [§]], combining the ability to
recognise images with the language understanding of LLMs.
This integration enables tasks like image description, visual
question answering, and ongoing dialogues about visual con-
tent. VLMs operate by linking visual details from images
with corresponding text-based information. For example, in
a model like LLaVA [8|], a pre-trained visual encoder like
CLIP [9] processes the image. The extracted features are then
transformed into a format compatible with a language model
like LLaMA [[10f] through a trained projection matrix, allowing
image inputs to be included in prompts.

Despite these advancements, challenges remain. VLMs of-
ten overemphasise visual inputs, describing image content in
detail rather than incorporating it naturally into the dialogue.
Mixing dialogue and images in prompts can disrupt the
conversational thread, and processing the additional data can
introduce latency, affecting real-time applications. Addressing
these issues is critical for deploying VLMs effectively in
dialogue systems. Finally, LLMs’ and VLMs’ safety is tied
to their training data, making assessing their alignment an
important part of the development process [11], [[12].

B. ROS Packages for Dialogue Generation

ROS (Robot Operating System) [3[] is a versatile framework
for robotic development, offering modularity, standardized
communication, and extensive libraries for tasks like control,
sensing, and motion planning. Its open-source nature and
active community make it a useful tool for robotics research,
industry, and education.

Several ROS packages provide conversational capabilities,
though most rely on traditional natural language processing
approaches. For example, DialogFlow integrations, such as

Uhttps://github.com/giubots/vision-enabled-dialogue — A release of the code
at the time of writing is published at https://doi.org/10.5281/zenodo.14627887.
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Fig. 2. Components: the conversation manager receives data from the frame
and dialogue processing components, using an LLM to produce a response.

GB-dialo and Dialogflow ROS enable spoken interactions
but lack the contextual depth provided by LLMs and are
challenging to extend to multimodal inputs.

Other packages, like ros2_nanollrrﬂ support running LLMs
and VLMs and interacting through ROS messages. These
however do not handle dialogue management. Similarly, tools
like ROScrib [13]-[17] focus on robot programming or
movement control through language rather than conversational
dialogue. ROOTEIf] aims to develop adaptable dialogue sys-
tems for social robots by combining rule-based generation,
web search, and LLMs. However, it does not currently support
VLMs and targets specifically the Plantroid Robot.

Among HRI-specific toolkits, HRItk [18] uses traditional
NLP approaches, with their limitations mentioned above, and
is not actively maintained, while ROS4HRI [2] offers robust
packages for multimodal interaction but does not yet include
tools for LLM or VLM dialogue generation.

III. IMPLEMENTING VISION-ENABLED DIALOGUE

The system proposed empowers a conversational agent with
vision capabilities. When a user interacts with the system, the
responses will be grounded in reality and aware of the context,
thanks to additional visual input. This visual input consists
of frames from a video captured as the conversation takes
place, which are weaved into the conversation. The LLM that
produces the output is instructed to interpret these images as
its own sight sense. For this implementation, we chose GPT-
40 mini as the underlying LLM, as it offers a good balance
between costs, speed and accuracy. While the system can work
on its own, using a webcam and the terminal’s text interface,
to make the demonstration more realistic we have chosen
to use a Furhat robot. We also provide a ROS2 compatible
implementation.

A. Components and Implementation

The system is composed of four components as shown in
Figure [2f the frame and dialogue processing components, the
conversation manager and an external LLM.

Zhttps://github.com/IntelligentRoboticsLabs/gb_dialog
3https://github.com/Tuancams/dialogflow_ros2
4https://github.com/NVIDIA- AI-IOT/ros2_nanollm
Shttps://github.com/RoboCoachTechnologies/ROScribe;
Shttps://gitlab.com/AntonioGCGonzalez/rooted
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The frame processing component is in charge of retrieving
the frames from a video feed and sending them to the con-
versation manager. The frequency with which the frames are
sent can be configured. We have found that a good compromise
between speed and conversation quality is one frame every five
seconds. The component can be configured to source frames
using four approaches: the video feed from the built-in camera
of the Furhat robot, a webcam, a video file, or a ROS source.
Additional details on the ROS implementation are omitted for
brevity and are documented in the linked code repository.

The dialogue processing component provides the user input
to the conversation manager and shows the output back to the
user. This component runs in parallel with the previous one,
meaning that the conversation manager can receive dialogue
and frame inputs in any order. There are four implementations
available for this component: a text-based input using the
terminal, a file-based input for testing purposes, a Furhat and
a ROS implementation. The Furhat implementation instructs
the robot to look at the user and uses the built-in speech-to-
text capabilities of the robot to obtain input from the user.
While the input is being elaborated, the robot looks away,
to signal that the robot is not listening. When the result is
ready, the robot looks again at the user and tells the answer
leveraging its text-to-speech module, which also controls the
mouth movements.

The conversation manager is the most important compo-
nent, as it is in charge of managing the prompt that generates
the responses of the system. When a frame or a message from
the user is received, they are added to the prompt, following a
customisable strategy: either using the most recent frame, or
a sequence of frames interleaved in the prompt.

The conversation manager can be configured to summarise
some frames to reduce the prompt length. In this case, when
necessary, a VLM will be used to summarise the frames’
contents into a textual description which will replace the
frames in the prompt. Similarly, this module can be configured
to summarise the conversation contents, to shorten the prompt.

To generate a response, the conversation manager can use
a default model or choose one from a set. In the second case,
it will use another LLM to choose between using an LLM or
a VLM, based on the user message. The default models are
GPT-40 mini as a VLM and GPT-3.5 Turbo as the model-
chooser and text-only LLM. The response is then returned to
the dialogue processing module.

B. The Prompt

The prompt initially consists of a list of frames and dia-
logue lines, preceded by the following instructions. You are
impersonating a friendly kid. In this conversation, what you
see is represented by the images. For example, the images will
show you the environment you are in and possibly the person
you are talking to. Try to start the conversation by saying
something about the person you are talking to if there is one,
based on accessories, clothes, etc. If there is no person, try to
say something about the environment, but do not describe the
environment! Have a nice conversation and try to be curious!

Prompt at time 1 Prompt at time 2 Prompt at time 3 Prompt at time 4

FRAME 1 / SUMM 1-2 SUMM 1-2 SUMM 1-2
FRAME 2 user: text user: text user: text

user: text sys: text sys: text sys: text
sys: text FRAME 3 FRAME 3 SUMM 3
user: text user: text

FRAME 3 user: text /

Input sys: text sys: text

i FRAME4 — .| FRAME 4 FRAME 4
Input
""" FRAME 5 —— FRAMES5
Fig. 3. Example of the summarisation process. Considering n = 3 and

m = 2. In the first step, a frame is added. The number of frames is now
n, so the algorithm summarises the first m (two). Then a dialogue line is
added, with the system response, and then another frame is added. In the
final step, FRAME 5 triggers another summarisation. This time, only FRAME
3 is summarised, as including the following frame would disrupt the ordering
of the elements. In grey the elements used to obtain the summary at each
step: notice that the previous part of the conversation is included.

It is important that you keep your answers short and to the
point.

Impersonating a kid has been found to improve the quality
of the answers, reducing unwanted messages about the capa-
bilities of the model and other disclaimers. Then, the prompt
tells the model how to interpret the images in the prompt, we
found this wording to be the most effective so far, compared
to more technical explanations. The rest of the sentences are
necessary to reduce the loquacity of the system, and to keep
the output relevant and salient.

C. Frames Summarisation

Continuously adding frames to the prompt leads to an
increase in its size, with longer computation times and costs.
To shorten the prompt we propose to summarise its frames.

A naive solution would be to send the first part of the
dialogue and frames to a LLM and ask for a summary.
However, this would impact negatively on the conversation
quality: the majority of the summary would be devoted to a
description of the frames, leaving less room for a summary
of the conversation. and this problem would be made even
worse with high frame rates. Furthermore, since the focus
of the interaction is the dialogue, it does not make sense to
summarise this with the frames, which serve only as context.

Our solution summarises the frames separately and keeps
the ordering of the frames and dialogue lines. To achieve this,
when a frame is received, the conversation manager checks
how many frames are in the prompt, if a configurable limit n
is reached it performs a summarisation routine. This routine
will scan the prompt, and summarise the first m consecutive
frames, as shown in Figure [3] Setting m < n ensures that at
least one frame remains in the prompt, to maintain context-
awareness. We have found that keeping at most n = 4 frames
in the prompt and summarising in chunks of m = 3 frames
yields satisfying results.



To obtain the summary, a VLM is prompted with the full
conversation and previous summaries up to the frames to
summarise and is asked to provide a brief description. The
frames are then removed from the conversation and substituted
by their summary.

IV. INTERACTIONS

To demonstrate the capabilities and the results obtained,
we report and discuss the settings and main highlights of six
interactive sessions. For these sessions, we used the system
previously described to empower a Furhat robot with vision
and dialogue capabilities. Since the dialogues generated are
highly context-dependent, we ran the sessions in five different
environments (see Figure E]): a lab, a kitchen, the home
entrance, a bathroom, and a bedroom.

Session 1: in a lab with desks and a window; it is dark
outside. The system recognises the environment correctly,
identifying that the user is in a lab or a workplace. It then
asks the user if he is working on something interesting, and
recommends not to work late hours even if the project is
exciting. Unexpectedly, the system deduced that it was late,
probably from the dark windows.

Session 2: in a kitchen, in front of a counter. The system
recognises that the person in front of it is cooking, and when
asked is able to come up with suggestions on what to prepare.
This setting is probably one of the most realistic use cases
for a vision-enabled assistant in the home and showcases
the intrinsic knowledge contained in LLM. Provided a higher
frame rate, we can imagine the system being able to follow
the actions of the user and guiding her step-by-step through
countless recipes.

Session 3: in a kitchen, in front of a coffee machine. In this
session, the user opens the conversation with a direct question:
“Hi, can you help me with this?” The system recognises that
the appliance in question is the coffee machine, and provides
detailed instructions on how to use it. This example shows that
the LLMs are able to disambiguate the user’s request, without
the need of providing additional information.

Session 4: in the home entrance; wearing a rain jacket. In
this case, a bright-coloured rain jacket immediately attracts the
robot’s attention. The robot asks whether it is raining outside
and proceeds to have a conversation about the weather. More
and more frequently conversational agents and social robots
are used for entertaining and keeping company, improving the
well-being of isolated people. This session is an example of
how much more engaging conversation with these systems can
be when powered by images together with text.

Session S: in a bathroom; a person is lying on the ground.
The person in the shot starts the interaction asking for help.
As expected, the extremely rational response of the system
and the calm voice of the speech synthesiser are in contrast
with the criticality of the moment. However, what is relevant
is that the system is able to understand that the situation is
problematic, and offers advice on how to solve the problem,
fully knowing the limitations of its capabilities.

Session 6: in a bedroom; holding a jacket and a t-shirt. The
user tells the robot that it is raining and she has to choose
what to wear. The robot is able to recognise that the person
is undecided between the two pieces of clothes held, and sees
that the jacket has a hood. It then proceeds to suggest to wear
the jacket and keep the other to stay inside.

The six interactive sessions highlight the system’s potential
to enhance user interaction by grounding conversations in
visual context. For example, the system’s ability to recognise
environments and infer contextual details, such as identifying
a coffee machine or a rain jacket, leads to more natural and en-
gaging dialogues. However, several limitations were observed
during the trials, offering insights for future improvements.

A primary limitation was response speed, which varied
between 1 and a maximum observed of 25 seconds. This
could be solved using faster, less powerful, self-hosted models.
Another gain in speed could be obtained by adopting more
performant [19] transformer-based speech-to-text techniques,
which would easily add support for multiple languages.

Another limitation was the temporal resolution. The system
currently struggles to capture fine-grained gestures, limiting
its ability to interpret dynamic cues, such as body language or
subtle movements, and group interactions. Future work could
explore higher frame rates or the implementation of a memory
mechanism that allows the system to “look back™ at previous
frames for improved context awareness.

Reducing image resolution to save on prompt size did
not significantly affect the quality of responses. However,
the loss of detailed visual information in certain contexts
suggests the need for more sophisticated image compression
or summarisation techniques.

V. CONCLUSION

The implementation of a vision-enabled dialogue system
represents a significant step forward in conversational agents
by integrating real-time visual information into interactions.
This fusion of language and vision enhances the system’s con-
textual awareness, providing a more immersive and responsive
conversational experience.

We propose a ready-to-use customisable implementation
of such a system, tailored for use in HRI applications. We
support important features such as image and text input, model
selection, and prompt summarisation. The system is available
as a stand-alone application, powering a Furhat robot, or as a
ROS package.

While we have observed intriguing results from interactive
sessions with a Furhat robot powered by this system, in the
future we want to run a comprehensive evaluation of the
implementation’s speeds and response quality, including more
dynamic (outdoor) environments and multiple users.

In conclusion, this vision-enabled dialogue system aims
to simplify the development of context-aware conversational
agents in HRI. By integrating visual cues, it opens new
possibilities for applications where both textual and visual
information are essential for a more engaging, interactive
experience.
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