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Figure 1: Our LLM-driven guide assists users in exploring the museum and in learning about artworks and artists.

Abstract
Interactions with Embodied Conversational Agents (ECAs) are es-
sential in many social Virtual Reality (VR) applications, highlight-
ing the growing demand for free-flowing, context-aware conver-
sations supported by low-latency, multimodal ECA responses. We
introduce a modular, extensible framework powered by an Large
Language Model (LLM), featuring streaming-based optimization
techniques specially crafted for multimodal responses. Our system
is capable of controlling self-behavior and task execution, in the
form of moving through the Immersive Virtual Environment (IVE)
directly controlled by the LLM, and is also capable of reacting to
events in the IVE. In our study, our applied optimizations achieved a
latency improvement of about 66% on average compared to having
no optimizations.
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1 Introduction
ECAs, present in many VR applications, are designed to mimic
human behavior both verbally and non-verbally in face-to-face
communication [6, 16]. They require seamless integration of com-
ponents like Speech-to-Text (STT), decision-making modules, and
Text-to-Speech (TTS) for dynamic and meaningful conversations.
Traditionally, dialogue systems relied on pre-defined rule-based
flows or decision trees [3], which result in limited conversational
flexibility and demand significant manual effort due to their rigid
structure. To overcome this, recent approaches leverage LLMs to
generate human-like responses in real-time [5, 21, 23]. They have
enabled use cases with agents in education [10, 14, 19], video games
and game-like applications [8, 9, 20], and medicine [17]. Despite
their capabilities, LLMs present technical challenges, particularly in
latency, which is key for maintaining social presence and enhancing
the user experience [4, 8]. There already exist mitigation attempts,
including conversational fillers [4] and multimodal feedback [13].
Other approaches have crafted special components, like a TTS
which operates on the tokens — the smallest unit of information —
the LLM generates, exploiting the token-by-token generation na-
ture of the LLMs [11, 12, 18]. In contrast to those attempts, our work
focused on technically optimizing latency with given components
by leveraging how they are interconnected in a complete pipeline
design. Therefore, our approach uses streams the user’s speech as
well as the LLM output to achieve low-latency responses.

Multimodal abilities are also an important feature for the realism
of ECAs [7]. While there exist LLM-based approaches that analyze
the textual LLM response to select the behavior [15, 22], or utilize
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multiple LLMs [1], we implemented JSON-structured responses
to control multimodal features of the ECA through a single LLM
response, allowing the LLM to fully control the multimodal aspects,
which in our case are self-behavior and moving through the IVE.

Our LLM-driven solution is applicable to any ECA. For this demo,
we chose a virtual museum guide use case (e.g., [2]) due to its need
for interactive assistance and appropriate answers to potentially
complex or unplannable inquiries.

2 System

Figure 2: Architecture of our LLM-driven dialogue system,
detailing component integration and data flow.

Our dialogue system, seen in Fig. 2, is implemented in a modular
fashion and centered around the general pipeline of input, decision-
making (’thinking’), and output. The input to the system can ei-
ther originate from the user’s speech or an environmental trigger.
Speech input is processed by an STT component, located in the top
left of Fig. 2, transcribing spoken utterances into text while the user
is talking. We tested several STT services and chose the Google
Cloud STT based on quality, latency, and the fact that it enables
us to stream the audio data in real time. In our user study, with
𝑁 = 30 participants, the STT service took on average 0.350±0.157 s
(𝑀 ± 𝑆𝐷) in 599 speech-triggered pipeline executions, which in
our tests, using texts from our user study, proved more than five
times faster than without streaming. Environmental triggers — non-
verbal stimuli — enable the ECA to respond to specific events within
the IVE, like the user approaching, reaching a designated area, or
other context-dependent scenarios.

The decision-making component, located centrally on the left
side of Fig. 2, is powered by an LLM, allowing for dynamic and
unscripted conversations. For the LLM, we chose GPT-4o, as it
was the newest GPT model available at the time, and many related
works rely on this family of LLMs. In our tests, this model also
provided a better perceived latency quality and better handling of
the multimodal behavior. To support natural user-ECA interactions,
a short-term memory mechanism is integrated, enabling the system
to "remember" previous parts of the conversation. The responses
by the LLM may consist of a response text, self-behavior, and task
execution — together forming the multimodal behavior — which is
achieved by instructing the LLM to answer in the JSON format. In
our work, self-behavior is expressed through facial expressions —

reflecting the mood of the ECA — as well as through gestures. Task
execution enables the ECA to navigate the IVE, either by moving to
specific locations or by following the user. To achieve this, the LLM
can use five possible JSONfields: response, face, gesture,move_to, and
attention. For the fields face and gesture, the LLM can choose from
nine predefined facial expressions and two predefined gestures. The
attention field allows the ECA to share its visual attention between
the user and a point of interest, like a painting, if necessary. The
response of the LLM is streamed, which is possible due to the nature
of the LLM generating token by token, as explained previously.
With a specially crafted JSON parser, the mentioned JSON fields
are available to the next component as soon as they are generated.
Additionally, the spoken response is sent to the TTS component on
a sentence-by-sentence basis, deviating from a purely sequential
pipeline design. This approach reduced processing time for the
LLM component by 0.461 ± 0.339 s on average, measured in our
user study in 882 pipeline executions (speech and environmental
triggered). For the TTS, we chose Amazon Polly for this task due to
its low latency, which was measured at 0.272 ± 0.337 s in our study.
The audio is also used to drive the real-time lip-syncing behavior.

With both optimization techniques, the overall response latency
is drastically decreased by around 66% compared to no optimiza-
tions. In absolute terms, the system delivered a response in about
1.554 ± 0.668 s on average in our user study in the 599 speech-
triggered executions.

3 Demonstration
Our demo features an LLM-driven MetaHuman guide within a vir-
tual museum (see Fig. 1), allowing users to engage in open-ended
conversations while exploring artworks. Users navigate the mu-
seum using a Quest 3 and two controllers, with the primary con-
troller for hand-directed steering and the secondary controller dis-
playing a to-do list, informing about potential tasks and goals in the
museum. The museum features well-known real-world paintings,
presented in four thematically organized halls such as Surrealism,
Self-Portraits, and Landscape Painting. Users can converse freely
with the guide about the artworks, artists, and hall themes, and may
be guided directly to points of interest. The environment includes
assets from the Museum Environment Kit1, the National Maritime
Museum2 package, and the City Park Environment Collection3.

Conversations occur through natural speech, enhancing pres-
ence and fluid communication with the virtual guide. Thereby, users
experience variations in the guide’s response latency via our two
streaming optimization techniques. A button on the secondary con-
troller enables users to toggle settings for STT and LLM processing,
cycling between enabling both streaming optimizations, activating
only one, or disabling them entirely. This promotes real-time exper-
imentation with conversational dynamics, highlighting the impact
of these optimizations on naturalness and flow of the interaction.
To reflect this to the user, the to-do list also provides information
on technical metrics, such as the latency of the last response and
how the LLM used the multimodal fields.

1https://www.unrealengine.com/marketplace/museum-environment-kit
2https://www.unrealengine.com/marketplace/national-maritime-museum
3https://www.unrealengine.com/marketplace/city-park-environment-collection
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