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Abstract

Voice-based interaction offers an intuitive way for untrained users
to control mobile robots, but existing speech interfaces often rely on
intent maps or robot-specific pipelines that are difficult to transfer
across robots, backends, and applications. Recent multimodal large
language models (LLMs) can process audio and produce structured
function calls, enabling a more flexible form of voice interaction.

This late-breaking report proposes a vendor-independent inte-
gration pattern (cloud, edge server, or local) that exposes robot
capabilities as Model Context Protocol (MCP) tools and maps them
to existing middleware interfaces such as remote procedure calls
(RPCs). Continuous sensor streams remain in the middleware and
are accessed through a snapshot mechanism that returns the most
recent buffered value on demand. We demonstrate the approach
on a mobile co-presence robot using a lightweight audio pipeline
built around wake word detection (WWD), voice activity detection
(VAD), multimodal LLM inference, and text-to-speech (TTS). MCP
tools trigger capabilities such as navigation, communication, and
projector control. The architecture provides a general pattern for
robots and middlewares, enabling flexible voice interaction without
rewriting intent logic.

CCS Concepts

« Human-centered computing — Human computer interac-
tion (HCI); - Computing methodologies — Natural language
processing; « Software and its engineering — Middleware.
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Figure 1: The proposed approach enables voice assistance for
mobile robots with integrated function calling. In this exam-
ple, the user’s request to go to the kitchen is processed by an
LLM, which triggers a corresponding tool call that the mid-
dleware executes. Because capabilities are exposed through
a standardized tool interface, the same interaction pattern
can be applied across different tools and robot platforms.

1 Introduction

Speech-based interaction allows untrained users to communicate
with robots naturally and without relying on specialized interfaces.
Furthermore, speech also supports hands-free interaction, which
is particularly useful in shared spaces such as homes or care fa-
cilities. In our ongoing research project CO-HUMANICS [3, 5, 8],
a mobile robot with telepresence features is deployed in an older
adult’s home and can be accessed remotely by family and friends,
where simple and natural voice interaction is essential for lower-
ing barriers for everyday use. For example, as shown in Fig. 1, a
user might instruct a mobile robot to drive to a specified location.
Many current HRI systems use cascaded pipelines consisting of
speech-to-text (STT), a text-based large language model (LLM) or
natural language understanding (NLU), and text-to-speech (TTS)
components. These setups can perform well, but they often depend
on robot-specific intent logic or prompt engineering, which limits
reuse across platforms and tasks [4, 6, 20, 28, 29].

Modern multimodal LLMs extend this pipeline by supporting au-
dio and vision inputs and by producing function calls. Such models
can reduce the need for custom NLU components, but integrating
them into robots presents two challenges. First, integration should
be flexible, as it must work with different middlewares, different
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robots, and different LLM backends, including cloud, edge, and fully
local deployments. Second, audio-based interaction should remain
easy to deploy even when some robot-specific audio handling is
required, which calls for keeping these components decoupled from
the LLM backend. Although end-to-end audio-to-audio LLMs are
emerging, they remain limited, and early models struggled to com-
bine audio understanding and reliable tool calling [10, 21, 25, 27].

Existing LLM integrations fall into two categories. LLM-centric
systems have the model produce low-abstraction action steps. These
steps are executed directly on the robot and therefore are not
checked or coordinated by the middleware’s planning and safety
modules. Middleware-centric systems restrict the LLM to selecting
high-level capabilities, while the middleware performs planning,
control, and safety handling. We adopt the middleware-centric de-
sign as it keeps safety and control in the established middleware
and treats the LLM purely as a reasoning component.

The contribution of this report is a middleware-aligned inte-
gration pattern that exposes robot capabilities as Model Context
Protocol (MCP) tools and maps them to services, actions, or remote
procedure calls (RPCs) in the underlying middleware. Continuous
sensor streams remain within the middleware and are accessed
through a snapshot mechanism that provides explicit, on-demand
retrieval of the latest sensor value. This reduces coupling between
the LLM and the robot software. It also allows different LLM back-
ends to be substituted without modifying the capability surface. In
our practical application, a lightweight audio pipeline combines
WWD, VAD, LLM inference, and TTS, but the integration pattern
is independent of any specific audio configuration.

Section 2 of this report reviews related work on robotic middle-
ware, multimodal LLMs, and function calling. Section 3 presents
the general architecture, the tool schemas, and the snapshot mech-
anism. Section 4 describes a practical deployment, including the
audio pipeline. Section 5 discusses HRI implications.

2 Related Work

Modern HRI systems combine speech interfaces, robot middleware,
and increasingly powerful LLM backends [4, 9, 22]. In this section,
we summarize the prior work most relevant to our integration
approach regarding robotic middlewares, recent advances in multi-
modal LLMs, and function-calling interfaces.

2.1 Robotic Middleware and Capability
Interfaces

Robotic middleware provides the communication and coordination
backbone of many mobile robots. Typically the middleware is based
on nodes, which implement different functionalities, share data over
topics using a publish-subscribe pattern and use RPCs to trigger
actions or use implemented methods of other nodes. Examples for
these approaches are ROS/ROS2 [14, 19] and MIRA [7], which may
use different terminology but are based on the same principles.
Because middleware already defines how robot capabilities and
data flows are structured, LLM-based interaction should align with
these interfaces rather than bypass them in a middleware-centric
approach. Prior work has shown that LLMs can operate on top of
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Table 1: Overview of multimodal LLMs, including their
modality and native function calling support.

Model Mcfggll;tties Mgzzll)iltlites ngralltljitiggn
GPT-5[17] Text, Image Text v
Claude Sonnet 4.5[2] Text, Image Text v
Gemma3n[23] Text, Audio, Image Text X
Voxtral[13] Text, Audio Text v
Text, Audio,

Qwen2.5-Omni [26] Text, Audio X

Image, Video

Text, Audio,

Qwen3-Omni[27] Image, Video

Text, Audio v

GPT-40 Audio[16] Text, Audio Text, Audio v
LongCat-Flash Text, Audio, .
-Omni [24] Image, Video Text, Audio X

ROS to guide navigation or manipulation, but many such integra-
tions rely on custom bridges or robot-specific intent logic, limiting
generality and portability. [15, 20]

Although names for communication interfaces differ across frame-
works, these interfaces serve the same purpose: asynchronous sens-
ing and synchronous actuation. This makes them ideal candidates
for exposing them to LLMs through function calling.

2.2 Multimodal Large Language Models

LLMs were initially text-only models, and robotics systems inte-
grated them by placing them between STT and TTS components.
This cascaded approach remains common in deployed systems
[4, 11]. As shown in Tab. 1, recent developments extend text-only
LLMs with vision and audio modalities, enabling a single model to
process spoken commands and to emit structured function calls.
Early audio-capable models often struggled with robustness and
reliable function invocation, but newer systems such as multimodal
variants of Qwen and GPT have improved audio input handling
[16, 27]. Despite this, audio-to-audio LLMs remain experimental in
common LLM inference solutions [18] which therefore often sup-
port audio only as an input!>?:3. The current state in development
therefore motivates a modular pipeline that splits audio processing
into separate modules for LLM-based audio input handling and
speech synthesis via TTS, which can be combined in the future
when audio output is supported in the inference solutions. There
may be additional modules for WWD and VAD to further control
the audio input, e.g., to save processing power and allow explicit
activation by a user.

2.3 Function Calling and Application
Integration for LLMs

Integrating LLMs with external software typically requires function

calling. Early systems relied on ad hoc JSON schemes or custom

wrappers that tied the LLM to the surrounding application and were

'https://github.com/sgl-project/sglang - accessed on December 2
2https://github.com/ggml-org/llama.cpp - accessed on December 2
Shttps://github.com/vllm-project/vllm/ - accessed on December 2
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difficult to reuse [4, 22]. The Model Context Protocol (MCP) was in-
troduced as a way to standardize how external context, such as tools
or other resources, e.g., external data sources or prompt templates,
are exposed to LLM(-Applications) [1]. To achieve this, it proposes a
client-server architecture in which context is defined on the servers
and retrieved via clients contained in the LLM-Application (MCP
host). Tools specifically are functions defined and registered on an
MCP server. Once an MCP client (that is connected to an LLM)
connects to a server, it may retrieve available tools, including their
schema (signature, descriptions, etc.), or call specific tools.

Additionally, the MCP server can also use client-side features,
such as requesting LLM generation or user information.However,
while these capabilities are part of the protocol, they are not used
in our integration and thus not discussed.

This communication happens via JSON-RPC messages. Although
this is required by MCP, various SDKs have already implemented
the protocol and abstracted it for ease of use. As a result, MCP is
a versatile protocol that is independent of programming language
and applications (including LLM backends) that enables a plug-
and-play-like integration of external context. Although most MCP
usage has focused on non-robotic applications, the concept aligns
well with robot middleware, where robot capabilities are already
exposed as callable units via RPCs.

3 Generic Integration Approach

Our approach connects function-calling LLMs to mobile robots
in a way that remains compatible with existing middleware and
does not depend on robot-specific intent logic. The central idea
is that the middleware continues to handle perception, planning,
and actuation, while the LLM is restricted to selecting high-level
capabilities exposed as tools via MCP. This keeps the interaction
predictable and allows the same integration strategy to be reused
across robots, compatible middleware frameworks, and different
LLM backends.

Fig. 2 shows the architecture: The robot hosts an MCP server,
allowing the LLM to access its capabilities by using an MCP client.
This keeps the middleware separated from the LLM. In the following,
we describe how tools and continuous sensor data are accessed and
examine the backend flexibility of our approach.

3.1 Exposing Robot Capabilities as MCP Tools

Robot capabilities are exposed to the LLM as MCP tools that mirror
callable middleware RPCs. Each tool describes a single capability

Robotic Middleware

Sensors, Actuators,... - '_l'?)_(t_ 3 L- '_l'?)_(t_ 3
o Audio LLM Audio
Robot Capabilities @~ ------2 > e
Navigation, Detection,...
\ JSON-RPC
:‘ MCP Server ] MCP Client

Figure 2: Architecture overview. Robot capabilities provided
by the middleware are exposed as MCP tools via an MCP
server, which the LLM accesses through an MCP client. This
allows the LLM to issue structured tool calls based on audio
input for voice-based robot control.
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with named parameters and short guidance for the LLM, while
continuous data remains on topics inside the middleware. This
avoids intent maps and keeps feasibility and safety checks inside
the robot stack. As a concrete example, a navigation capability can
be exposed as:

{

"name": "navigate_to",

"description": "Moves the robot to a named location.",

"input_schema": {

"type": "object",
"properties": {
"target": {
"type": "string",
"description": "Name of the waypoint or location."
}
3
"required": ["target"]
}
}

In practice, each MCP tool corresponds to exactly one callable
middleware function. The mapping preserves type information, en-
forces parameter validation, and allows the middleware to reject
invalid or unsafe requests. For example, the navigate_to schema
could expose a navigation tool that accepts a location string that
maps to a navigation RPC. It can be implemented in a node respon-
sible for navigation or related capabilities, which checks whether
the location is known, reachable, and safe. Errors propagate back
to the LLM as structured failure messages, which makes it easier
for the system to recover or request clarification from the user. Fur-
thermore, when a requested location is invalid, the LLM can call a
companion tool, such as get_navigation_targets, to list valid destina-
tions first, enabling the selection of alternatives or asking the user
to choose from known locations. This explicit and typed mapping
avoids the ambiguity often associated with free-form natural lan-
guage plans and helps maintain predictable system behavior. Both
tools map directly to existing middleware functions. We expose a
single MCP server as one middleware node. Each node provides
a small manifest (i.e. mcp.json) that is indexed by the server and
declares which RPCs are exposed as tools, optionally remapping in-
ternal names to LLM-facing identifiers while omitting safety-critical
calls. Manifests may also define default arguments to simplify tool
usage. This manifest-based discovery automatically updates the tool
surface when components change, while the middleware retains
responsibility for feasibility checks, execution, and device state.

3.2 Snapshot Access to Sensor Data

Continuous streams such as camera images or localization updates
should not be forwarded directly into an LLM because they quickly
exceed context window limits, increase latency, and obscure which
data point a decision depends on. For speech-based interaction,
the LLM typically needs only occasional access to the most recent
value. We therefore introduce a snapshot mechanism, in which a
lightweight component subscribes to relevant topics and continu-
ously buffers the latest message. When the LLM calls a snapshot
tool, the component returns the buffered value. If a sensor becomes
unavailable or the buffered value exceeds a configurable age thresh-
old, the tool returns a null or flagged stale value. In practice, the
snapshot mechanism is realized by a dedicated node that exposes
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generic RPCs. For each subscribed topic, it offers a snapshot call
that returns the most recent buffered message. This approach keeps
high-rate data inside the middleware while giving the LLM explicit
and predictable access to this data.

3.3 Backend Flexibility

Because all communication passes through MCP, the LLM backend
is independent of robot capabilities and can be swapped between
cloud, edge, or local deployments. All communicate with the robot
through the same tool definitions, which simplifies experimentation
with different models and accommodates both provider-agnostic de-
ployments and privacy-sensitive scenarios. This separation allows
improvements in LLM capabilities to be adopted without redesign-
ing robot-side logic and enables reuse on other robots that expose
callable middleware functions.

4 Practical Application on a Co-Presence Robot

We applied the proposed integration approach to a mobile co-
presence robot that supports conversational voice interaction for
tasks such as navigation, projector control, and video-based com-
munication. The robot runs a standard robotic middleware stack
with MIRA while the LLM executes on an external compute node.
This setup reflects a typical deployment where on-robot resources
are limited, and speech interaction benefits from a more powerful
model running on an edge server, here equipped with an NVIDIA
RTX 5090, while keeping audio processing local for privacy.

4.1 Audio Interaction Pipeline

On the co-presence robot, we implement a lightweight audio pipeline
combining wake word detection (WWD), voice activity detection
(VAD), LLM inference, and text-to-speech (TTS), as shown in Fig. 3.
We use openWakeWord* for WWD, SileroVAD® for VAD, vLLM[12]

with Qwen3-Omni for LLM inference, and Piper® for TTS. The

WWD component ensures that the robot only processes speech
when explicitly addressed. VAD is used to gate the input so that the

LLM receives complete speech segments rather than continuous,
potentially irrelevant audio, which also reduces unnecessary com-
pute. The LLM produces either tool calls or verbal responses, and
TTS synthesizes the spoken output. To reduce perceived latency,
LLM output is streamed and spoken sentence-wise, so the robot

can respond before the full output is generated. A fallback mode

informs the user if the LLM backend is unavailable, for example

due to a bad network connection.

4.2 Prototype Deployment

The system was tested in a laboratory co-presence scenario aimed
at illustrating feasibility rather than evaluating long-term interac-
tion performance. The separation between audio processing, LLM
inference, and middleware execution proved practical. The robot
remains responsive even when the LLM is under load, and the
middleware continues to enforce feasibility and safety constraints.

In the tested scenario, Qwen3-Omni reliably transformed spo-
ken requests into structured tool calls, particularly when using its

*https://github.com/dscripka/openWakeWord — accessed December 2, 2025
Shttps://github.com/snakers4/silero-vad - accessed December 2, 2025
Chttps://github.com/OHF-Voice/piper1-gpl — accessed December 2, 2025
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Figure 3: Routine overview. After the wake word is detected,
input audio is segmented by VAD and passed to the LLM,
which produces either a tool call or a verbal response. The
result is spoken through TTS.

reasoning-capable variant. Most failures were caused by ambiguous
commands rather than incorrect tool invocation. The MCP-based
interface allows the LLM backend to be replaced without changing
robot-side logic, so improvements in audio-capable and tool-calling
models can be adopted directly [10, 21]. Furthermore, the archi-
tecture allows privacy-sensitive deployments to move inference
entirely on-device if needed.

Overall, the deployment demonstrates that a middleware-aligned,
tool-based integration can support natural voice interaction on a
mobile co-presence robot without requiring extensive custom logic.
As a Late Breaking Report, this work focuses on the integration
pattern and on prototype feasibility. Systematic user studies with
participants are planned as future work.

5 Discussion

The proposed integration pattern combines structured tool calling
through an MCP-enabled LLM with middleware-centered execu-
tion, ensuring that robot actions remain predictable and traceable.
At the same time, the separation between LLM reasoning and mid-
dleware execution keeps the architecture flexible, allowing different
models or deployment backends to be swapped without changing
robot-side logic. Because the LLM issues explicit tool calls rather
than free-form plans as in LLM-centric approaches, every action
can be validated, logged, or rejected by the middleware. The snap-
shot mechanism further contributes to clarity by making sensor
access explicit and preventing model behavior from relying on
uncontrolled continuous streams. Potential failure modes include
misinterpretation of user intent, ambiguous commands, and hallu-
cinated tool calls. While ambiguity and misinterpretation primarily
depend on the capabilities of the chosen LLM and affect the inter-
action itself, incorrect tool calls are constrained by the explicit tool
surface and middleware-side validation.

From an HRI perspective, the middleware-aligned interface sup-
ports transparency and turn-taking while decoupling robot capabili-
ties from specific models, enabling simplifications as audio-to-audio
LLMs become more robust.
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